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Introduction: Wearable technologies play an important contemporary role in the 
measurement of physical activity (PA) and promotion of human health across the 
lifespan, including for young people (i.e., children, adolescents, and young adults). As 
new objective wearable technologies continue to develop, standardized approaches to 
documenting validation parameters (i.e., measures of accuracy, precision, and bias) are 
needed to ensure confidence and comparability in step-defined PA. Purpose: To produce 
validity parameters for step counting wearable technologies during treadmill walking in 
young people 6-20 years of age Methods: 120 participants completed 5-minute treadmill 
bouts from13.4 to 134.1 m·min-1. Participants wore eight technologies (two at the 
arm/wrist, four at the waist, one on the thigh, and one on the ankle) while steps were 
directly observed. Speed, wear location, and age -specific measures of accuracy (mean 
absolute percent error; MAPE), precision (correlation coefficient, standard deviation; SD, 
coefficient of variation; CoV), and bias (percent error; PE) were computed and cataloged. 
Results: Speed and wear location had a significant effect on accuracy and bias measures 
for wearable technologies (p<0.0001), but not for precision measures (p=0.24, p=0.06). 
Age did not have an effect on accuracy, precision, or bias measures (p=0.21-0.50, 
p=0.84, p=0.21-0.50). Conclusion: While the analyses indicate the significance of speed 
and wear location on wearable technology performance, the useful and comprehensive 
 
validity reference values cataloged herein will help optimize measurement of PA in 
youth. Future research should continue to rigorously validate new wearable technologies 
as they are developed, and also extend these standardized reference values developed in 
the laboratory to the free-living environment.  
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1.1 Physical Activity and Health 
The numerous health benefits of regular physical activity (PA) across the lifespan have 
been well documented.1 The second edition of the federal Physical Activity Guidelines for 
Americans released in 2018 compiled updated scientific evidence to establish guidelines 
for minimum levels of PA associated with positive health outcomes. These guidelines were 
developed by the Physical Activity Guidelines Advisory Committee (PAGAC), a group of 
esteemed researchers and experts who comprehensively reviewed the current research 
relevant to PA and health and provided detailed direction for disease prevention and health 
promotion relevant to people 3 years of age or older.2  Specifically, the focus was on 
providing updated and clear information regarding recommended levels of moderate to 
vigorous intensity PA (MVPA) associated with reduced risk of premature mortality and 
development of chronic diseases such as heart disease, cancer, and diabetes. The PAGAC 
reports the synthesis of current PA research (specific to aerobic, muscle strengthening, 
bone strengthening, balance and flexibility activities) according to age-defined 
populations: youth (children and adolescents; 3-17 years of age), adults (18-64 years of 
age), and older adults (65 years of age and older).  
The guidelines relevant to aerobic-type activities (like brisk walking or running) are 
formatted in terms of dose conveyed as frequency, accumulated time, and intensity. 
Specifically, they recommend 150 min·week-1 of moderate intensity or 75 min·week-1 of 
vigorous intensity PA for adults. The intensity of PA referred to in the guidelines is based 
on an objective and absolute definition which uses calorimetry to measure rate of oxygen 
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consumption in METs (metabolic equivalents). One MET is equivalent to the baseline 
amount of oxygen your body requires at rest while awake. Oxygen consumption measured 
at 3.0-5.9 METs is considered to be moderate intensity, while ≥ 6.0 METS is vigorous 
intensity. For example, brisk walking at about 2.5 miles·hour-1 (67.0m·min-1) requires 3.0 
METs of energy to be expended, which classifies that activity as moderate intensity.3 
Further, increasing walking speed to 4.5 miles·hour-1 (120.7 m·min-1) increases its intensity 
to 7.0 METs, classifying it as vigorous.3   
While these dose guidelines are expressed specifically for adults, the PA guidelines for 
youth (3-17 years) differ somewhat based on recommended accumulated time. 
Specifically, diverse health benefits can be achieved by accumulating a daily total of 60 
minutes of MVPA.2 In youth samples, the risk of chronic disease and mortality are difficult 
to determine due to their prolonged development timeline, however, there is still a strong 
evidence-based association between PA and musculoskeletal health, cardiovascular health, 
adiposity levels, and blood pressure levels in youth.4 For example, a 2014 study by Janz et 
al.5 reported that girls and boys between the ages of five to 17 years who accumulated high 
levels of accelerometer-determined MVPA displayed improved bone health. The most 
active children (≥85 min ·day-1 of MVPA) realized significant benefits across multiple 
markers of bone health compared to their least active peers (≤85 min ·day-1 of MVPA). 
Anderson et al.6 conducted a cross-sectional study of accelerometer-determined MVPA 
and cardiovascular risk factors with 1,732 children (52.8% female) aged nine to 15 years.5 
They reported that the most active group of children (167 minutes ·day -1 of MVPA) 
showed improved levels of glucose, insulin, cholesterol, and triglycerides compared to less 
active groups (≤116 min ·day-1 of MVPA) suggesting that increased levels of MVPA may 
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lead to decreased cardiovascular disease risk factors in youth. Further, Janz et al.7 
conducted a longitudinal study with 333 children (55.6% female, ages 5, 8, and 11 years) 
and reported that those with higher levels of accelerometer-assessed MVPA at age five (51 
vs. nine minutes for boys, 45 vs. 11 minutes for girls) had significantly lower fat mass 
during follow up visits at age eight and 11 (p<0.05). Lastly, a 2013 longitudinal study by 
Knowles et al.8 demonstrated strong evidence supporting an association between higher 
levels of MVPA and lower blood pressure. In the Knowles et al.8 study, 427 children 
(49.6% female) were assessed via accelerometry at six years of age and then again at eight 
years of age. For every 15 minutes of increased MVPA documented between these ages, 
there was a 0.55 mm Hg decrease in diastolic blood pressure (P=0.03).  
The extent to which PA can modify health outcomes is potentially profound. However, 
PA can be assessed in numerous ways, depending on the outcome of interest. The lack of 
consensus in regards to the best practices for capturing PA is problematic. There is a need 
for standardized, accurate, precise and unbiased measures of PA that are also acceptable 
and interpretable to the widest possible audience. These are needed to assure confidence in 
any future expressions of dose associated with health in youth and to fully realize the 
potential for PA-related health throughout the life course.  
1.1.1 Measurement of Physical Activity (PA) 
There are several ways to estimate PA behavior including indirect calorimetry, 
doubly labelled water, heart rate monitoring, self-reported behavior (e.g., questionnaires, 
diaries, or logs), ecological momentary assessment (EMA), direct observation, and using 
wearable technologies such as accelerometers and pedometers. Each of these approaches 
has their own unique advantages and disadvantages. To start, indirect calorimetry 
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estimates PA intensity by measuring the volume of chemical energy of the pulmonary gas 
exchanged during PA.9 Specifically, oxygen (O2) consumption during inhalation and 
carbon dioxide (CO2) production (as the byproduct during exhalation) are tracked during 
activity as the volume of oxygen consumed (VO2) and carbon dioxide produced (VCO2), 
respectively. A mask is worn covering the nose and mouth with tubes attached near the 
mouth which are then connected to computers to quantify the relevant gases contained in 
inhaled and exhaled air. VO2 and VCO2 per unit of time is captured in order to calculate 
energy expenditure and convert it to METs where the ultimate unit of measure is ml 
O2/kg body weight/minute. While it is considered to be an accurate and valid assessment 
(in comparison to direct measurement of total energy expenditure via body heat 
production assessed through direct calorimetry), the equipment necessary for the gas 
analysis (mask, computer equipment, software access) creates challenges for free-living 
PA measurements. Direct calorimetry is conducted in a calibrated, insulated room or 
chamber and measures the total amount of energy used via heat production emanated 
from the body through digestion of foods, mechanical energy for movement, etc. During 
PA, the body naturally produces heat through the mechanical energy required to perform 
tasks.10 Both indirect calorimetry and direct calorimetry align with measures of heat 
produced during PA.10  
 Doubly labelled water is another way to assess energy expenditure, providing an 
estimate of overall PA level. A dose of radio-labelled isotope (2H2
18O) is ingested and the 
rates of O2 consumption and CO2 production produced from the washout of the isotope is 
measured over five to 14 days to estimate energy expenditure.11 The doubly labelled 
water technique estimates within 8% of total daily energy expenditure when compared to 
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body heat production measured through direct calorimetry.12 However, the doubly 
labelled water technique is expensive, the isotopes are difficult to obtain, and controlling 
for the energy lost through the digestion of food via strict dietary records is especially 
difficult for children.11 Further, the required washout period is prolonged (i.e., over the 
course of several days to measure total energy expenditure), making it impossible to 
assess energy expenditure specific to different activities performed in real time.11  
Another way of estimating energy expenditure during PA is with heart rate 
monitoring. Specifically, electrodes embedded in chest straps are used to measure the 
cardiac electrical activity that represents the heart rate (e.g., beats·min-1). An elevated 
heart rate is interpreted as an increased PA intensity.13 Eston, Rowlands, and Ingledew14 
studied 30 children (50% female, age=8.2-10.8 years) who wore a chest heart rate 
monitor and walked and ran on a treadmill at four different speeds (walking: 2.5, 3.7 
mph, running: 5.0, 6.2 mph). The heart rate monitor displayed a linear trend (R2=0.78) 
with oxygen consumption across all treadmill speeds.14 However, during lighter intensity 
activities or sedentary behavior there may be more variability in heart rate which may not 
be as indicative of PA behavior.11 Specifically, environmental or psychological factors 
may have a greater effect than PA on heart rate.11 To be clear, heart rate during sedentary 
or light intensity behaviors is generally quite low, however high levels of stress or 
anxiety, level of fitness, type of muscular contraction, hydration levels, and other 
environmental factors may influence heart rate.15 Such externally shaped heart rate 
changes are not indicative of PA intensity.  
Subjective measures of PA, including questionnaires, diaries, logs, and EMA rely on 
the participants themselves to recall/report their perceived levels of PA participation. 
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Questionnaires require responses to a range of queries regarding frequency (e.g., per day, 
per week, per month, or per year), intensity (e.g., perceived light, moderate or vigorous), 
duration (e.g., minutes, hours, days, weeks), type (e.g., walking, running, dancing, etc.), 
and/or domain (e.g., occupation, leisure, transportation, or household). Specific questions 
may focus on PA behavior in the past 24 hours, past week, or past few months.16 For 
example, self-reported PA assessments could ask the individual how often they ran in the 
past seven days, and then assign an intensity score based on how difficult the activity was 
in regards to their own perceptions, providing information on type, intensity, duration, 
and frequency of PA behaviors. Similar to questionnaires, PA diaries ask participants to 
enter frequency, intensity, duration, type, and domain specific details periodically, 
preferably in almost real time.16 Such information can be recorded intermittently 
throughout the day, for a single day or for multiple weeks. This approach is similar to 
using PA logs, which are simpler self-reported PA assessment instruments that typically 
include a checklist of activities for participants to select from, as well as a corresponding 
intensity score.14  
Additionally, PA behavior can be captured through EMA. EMA relies on the recent 
advancements of mobile and sensor technologies (i.e. smartphones) to capture real time 
self-reported information on a variety of PA behavior contexts.17  For example, a free-
living PA behavior can be performed, and the use of EMA through smartphones can 
query the individual gathering self-reported information on the contexts of the behaviors, 
including type, intensity, emotional states, beliefs, attitudes, and perceptions. Data 
collected over the course of longer periods of time, across a large number of people, can 
perhaps start to give insight to determinants of PA as well. Further, because the PA 
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behaviors are recalled more proximal to the actual performance of the PA, EMA reduces 
the amount of recall errors and biases, as the information is more immediate in memory.  
Overall, subjective measures can be more easily used for large population studies as 
they can be administered via mail or electronically, and produce insightful, and highly 
descriptive information relevant to perceived PA behavior.18 However, depending on how 
frequently participants are queried, self-report may be misconstrued and may not 
correctly represent all PA behaviors. For example, a self-report measure asking 
participants how often they participated in PA several months ago may hinder their 
ability to correctly recall the actual PA performed because of the inherent difficulty of 
accurately recalling distant behaviors (i.e., recall bias).16 Specific to youth samples, a 
1985 study by Wallace, Mackenzie, and Nader19 investigated 7-day self-reported PA in 
eleven 11-13 year old boys and reported that the ability to recall PA progressively 
declines from day 1 to day 7. PA of eleven boys 11-13 years of age enrolled at a summer 
camp was documented by a camp counselor every 15 minutes (not including sleep) for a 
full week. Following the documentation period, the participants were asked to recall their 
PA behaviors during the past week. The researchers found that participants could only 
recall 46% of their PA over the week, with increased misreporting for greater recall 
periods. More specifically, there was greater error when recalling PA from seven days 
prior compared to 1 day prior to the questionnaire date. Further, participants may be 
tempted to record PA levels to align with what they think the researcher may want (i.e., 
social desirability bias).16 Lastly, self-reported PA data may be skewed or incorrect due to 
a lack of understanding of actual intensity or duration.11 For example, someone who 
played in a soccer game may report that they were physically active for two hours at a 
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vigorous intensity, when in fact they were mainly standing on the field and performing 
only intermittent bursts of running sporadically over the course of the two hour match. 
Such issues raise concerns about accuracy and precision of subjective measures of PA.20 
Direct observation is a common assessment method for PA measurement in 
children.21 It entails researchers watching in real time, or video recording and 
subsequently watching, individuals participating in PA in order to document the observed 
behaviors.21 Detailed information on mode, duration, frequency, and intensity can be 
recorded by the observer, providing rich contextual information for further evaluations. 
However, direct observation is associated with extensive researcher burden, as it requires 
a prolonged effort and the necessary focus to follow and track an individual’s PA 
behavior. Therefore, direct observation is typically only used for short time intervals. 10,21  
1.1.2 Wearable Technologies 
In recent years many researchers have turned to using wearable technologies (body-
worn activity monitors such as pedometers and accelerometers) to capture the direct and 
objective bodily movements associated with PA behaviors.21 Wearable technologies can 
be relatively low cost (pedometers $15-$30, accelerometers $175-$450) and provide 
estimates of PA directly expressed as step counts and/or time spent at different 
intensities.22 Waist-worn pedometers incorporate simpler lever-based and battery-charged 
electronic circuitry-based technology that delivers a direct output of step counts detected 
from vertical oscillation of the hips during normal ambulation.23 There are two main 
types of pedometers: spring-levered and piezoelectric.23 Spring-levered pedometers rely 
on an internal, horizontally spring-suspended lever-arm that moves up and down with the 
movement produced from each step.21 Specifically, the movement of the lever-arm opens 
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and closes an electrical circuit, which is then registered as a step. Piezoelectric 
pedometers also respond to vertical accelerations that occur during ambulation, however, 
they generate and record electronic sine waves with each peak representing the force 
generated during a movement event, for example, a step.22 The peaks of these waves are 
then internally converted into the total displayed step count.22  
Accelerometers measure PA by recording the natural accelerations produced from the 
body’s movement in gravitational units. Typically, these accelerations are sampled at 
frequencies of 40-100 Hz, meaning they can record 40 to 100 samples of acceleration 
data per second.18 These electronic signals can then be converted into different time 
frames such as 1 second, 60 seconds, or one hour, depending on the desired resolution.18 
For example, if depicting PA behaviors on a minute to minute basis is desired, the 
accelerometer’s electronic signals are processed in 60 second epochs (i.e., time intervals) 
to give acceleration-based PA data in per minute units. While pedometers are typically 
uniaxial (meaning they specifically only detect movement in the vertical plane), 
accelerometers can be biaxial or even triaxial meaning that they can simultaneously 
measure accelerations in multiple planes (anteroposterior, mediolateral, and vertical), for 
example, during unconventional movements like a cartwheel or contemporary dance.24 
Similar to pedometers, accelerometers were originally designed to be worn on the waist, 
however, increasingly, they can also be worn on the wrist or ankle too.18 Using 
proprietary (i.e., specific to that model of accelerometer and owned by its manufacturer) 
algorithms, accelerations are typically distilled as unitless “activity counts,” a metric that 
represents an implied combination of frequency and magnitude of the movement. 
Activity counts can then be used to estimate intensity levels (light, moderate, and 
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vigorous), based on previously calibrated cutpoints. For example, in 2005, Freedson and 
colleagues25 established that, specific to youth populations, frequencies 100- 2,200 
activity counts·min-1 were associated with light PA, 2,200-4,135 activity counts·min-1 
with moderate intensity PA, and ≥ 4,136 activity counts·min-1 with vigorous intensity PA. 
Since accelerometers are initialized in correspondence to a computer, they provide time-
stamped data. This allows for a deeper analysis that can include PA patterns across 
various time points throughout the day. For example, time-stamped data can facilitate 
investigation into PA levels in the morning between 8:00-10:00 AM if this level of 
specificity is required. Further, the increased PA details that can be derived from 
accelerometers can be manipulated to provide information on frequency, duration, in 
addition to estimated intensity as described above.15,23 Alternatively, the detected 
acceleration signal can be processed to output as step counts, and more specifically, 
stepping rates or cadence (i.e., steps·min-1).26 
Step-based metrics (steps·day-1, steps·min-1) extrapolated from wearable technologies 
allow for clear communication about PA that can be widely used and easily interpreted 
by researchers, clinicians, and consumers. While other measurements of PA, such as 
those described above, may provide additional details of PA (i.e., oxygen consumption 
from indirect calorimetry, type or domain of PA from self-report) relevant to specific 
research questions, their output may not be as easily understood by the general public for 
whom PA guidelines are ultimately intended. For example, a public health 
recommendation based upon quantifying oxygen consumption in reference to METs or 
energy expenditure assumes that members of the general public can understand and are 
personally capable of estimating and interpreting their own oxygen consumption levels 
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necessary for accruing health benefits. On the other hand, step counts are more easily 
quantifiable without the use of overly expensive or complicated equipment. The 
simplistic and quantitative nature of step counts to measure PA provides a clear, easily 
interpretable measurement that can help relay comprehensible public health messages 
regarding PA behaviors.22 Thus, it can be used as a simple yet useful way for people to 
quantify their PA, part of the larger movement noted as “the quantified self” where 
increasingly people are interested in gathering digitized data on various aspects of their 
daily life.27   
1.1.3 Step Counting 
A step is a fundamental mechanical unit underlying human bipedal locomotion, and at 
least for a healthy ambulatory population, humans naturally accumulate steps throughout 
the day as their basic mode of mobility and personal transportation. Step counting dates 
back to ancient Roman times when it served as a method for estimating distance traveled. 
In fact, the English word “mile” stems from the Latin origin “milia passuum” which 
means “one thousand paces” or two thousand steps.22 Leonardo da Vinci is believed to be 
the first to design a mechanical step counter. This assertion was based on a drawing that 
depicted a lever-based mechanism that was intended to be tied to the thigh to capture the 
pendular movement generated during walking.28 Subsequently, Thomas Jefferson used a 
lever-based step counter made from “one of the best watch makers in Paris” to measure 
the number of steps between landmarks.22 Using this pedometer, Jefferson noted that 
there were 2066.5 steps in an English mile.29 Contemporary step counters are frequently 
used to validate walking distance from PA questionnaires, conduct overall population PA 
surveillance, and promote PA with walking interventions.30  
12 
 
 Steps counts can also be tracked and compared to emerging indices associated 
with positive health outcomes. For example, in 1965, the Japanese popularized 10,000 
daily steps as an index associated with maintaining optimal health.31 Recently, the 
PAGAC advocated for the implementation of more step-based research in regards to 
PA.32 For example, the report claims that step counting technologies “are useful 
prescription tools for health care providers and trainers. Step counts blend well with 
public health messages encouraging the use of stairs rather than elevators, walking in 
airports rather than taking the train or shuttle, or parking at a distance from the final 
destination.” 32 Although the potential for step counting was made clear in the PAGAC 
report, the committee also stated that more research on step counts and health outcomes 
such as all-cause mortality, cardiovascular disease and type 2 diabetes is needed before 
step-based guidelines can be clearly expressed.32  
A 2007 systematic review by Bravata et al33 of 26 pedometer-based interventions 
including 2,767 participants reported that those who increased their daily PA by >2,400 
steps·day-1 realized an average decrease in systolic blood pressure of 3.8 mm Hg 
(P<0.001) and a BMI decrease of 0.4 kg·(m2)-1(P = .03).  Richardson et al.34 conducted a 
systematic review of nine studies representing 307 participants and reported that 
pedometer-based interventions were associated with weight loss (0.05 kg·week-1) and 
with greater effects evident with longer duration intervention. A separate review by Kang 
et al. 35 identified 32 studies including 2,570 participants using pedometers to increase 
PA levels. They concluded that pedometer-based interventions could increase daily PA 
by ≥2000 steps·day-1.35 Additionally, Kang et al.35 noted that this relationship was 
modulated by age, showing differences between older adults, adults, and youth.35 
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Specifically, youth displayed the strongest effect size (R2=0.78), meaning that step 
counting via pedometer use can have a profound impact on increasing PA levels in youth. 
This was further documented in a systematic review by Lubans, Phillip, and Tudor-
Locke36 investigating the effectiveness of pedometers in promoting PA among youth. Of 
the 14 studies included in the review including 1,396 participants, 12 studies 
demonstrated increases in PA when using a pedometer.36 Collectively, these review 
articles highlight that step counting is an effective way to positively impact PA levels and 
potentially realize a wide variety of health benefits, even in younger populations.  
While steps·day-1 appears to be a feasible metric for quantifying overall volume of 
PA, research has shown that the stepping rate, or cadence (i.e., steps·min-1) at which steps 
are accumulated can be used to interpret intensity.37 A 2018 narrative review38 focused on 
‘How fast is fast enough?’ provided evidence to support cadence-based metrics as a 
proxy indicator for intensity. Specifically, it concluded that, at least for adults, cadences ≥ 
100 steps·min-1 were strongly and consistently associated with absolutely defined 
moderate intensity PA (3 METs). A 2018 study by Tudor-Locke et al. 39 extended the 
research on this cadence-intensity relationship by studying 120 children (50% female) 
and young adults between the ages of 6-20 years of age. The sample included four males 
and four females from each age year who walked on a level treadmill for 5-minutes at 
13.4-134.0 m·min-1 in 13.4 m·min-1 increments. In youth 6-8 years of age, moderate 
intensity was achieved on average at 128.4 steps·min-1. This threshold gradually 
decreased as age increased. Specifically, 9-11 year olds reached moderate intensity at, on 
average, 116.5 steps·min-1, 12-14 year olds at 106.6 steps·min-1, 15-17 year olds at 101.3 
steps·min-1, and 18-20 year olds at 87.3 steps·min-1. These findings illustrate that step-
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based research previously established in adult samples cannot be directly generalized to 
youth, as walking patterns and PA behaviors may differ over the course of the 
developmental lifespan.  
1.1.4 Step Counting in Youth 
As described above, the potential impact of step counting on PA-related health 
outcomes across the lifespan and including youth populations is notable. Prior to 
realizing this potential, however, there is a need to articulate and adopt standardized 
assessment methods for wearable technologies. Peake, Kerr, and Sullivan40 conducted a 
critical review of wearable technologies and concluded that rigorous, standardized 
validation has been impeded by both the rapid pace of device development and an 
increasingly wide range of proprietary PA produced outputs including steps, heart rate, 
and various indicators of intensity. Herein, step counting is the focus as a feasible, 
interpretable metric that has recently been advocated by the PAGAC as a metric with 
great potential for communicating healthful PA doses.32  
While the intended use of wearable technologies remains the same for people 
regardless of age, as indicated above, the generalizability of the results from previous 
step counter validation studies in adults cannot be translated directly to children.41 As a 
further example, a 2011 study by Aloba et al.42 identified that youth do not necessarily 
walk in a manner that is identical to adults’ gait patterns. Using a motion capture system, 
the researchers found differences in walking patterns in youth (n=10, aged 5-9 years) and 
adults (n=10, aged 19-32 years) during walking and running conditions (i.e., walking in 
place, walking as fast as possible, running in place and running as fast as possible).  More 
specifically, youth walk with significantly different step time, cycle time, cycle 
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frequency, and cadence.42 The researchers defined step time as the timed duration from 
when a foot lifts off the ground to when it subsequently touches the ground. Cycle time 
or stride time is the time between two consecutive steps, or the time it takes for one foot 
to complete a single cycle (two steps).42 Further Aloba et al.42 defined cycle frequency or 
stride frequency as the number of strides taken per unit time (i.e., cadence; steps·min-1). 
Youth walked with an average step time of 0.33 seconds compared to 0.43 seconds for 
the adults. Similarly, cycle times were 1.05 seconds for youth and 1.26 seconds for 
adults, however, youth had higher cycle frequencies (1.15 seconds) compared to adults 
(0.90 seconds). Lastly, throughout the walking and running conditions of the study, youth 
had an average cadence of 203 steps·min-1 whereas adults had an average cadence of 166 
steps·min-1. Such spatial and temporal differences may limit the ability to directly 
translate the validation findings of step counting wearable technologies from adults to 
children.43 It is important to note, however, that the sample size used for as comparison in 
that study is rather small, with arbitrary age ranges to define youth, and therefore may 
limit the ability to generalize these results across the youth age span.  
1.1.5 Proper Assessment Methods for Validity 
In the context of step counting, validity is defined as the degree to which the 
tested wearable technology’s step counts compare to the criterion measure of directly 
observed steps. Standardized indicators of accuracy, precision, and bias are necessary to 
measure and convey validity and ultimately to facilitate comparability of different types 
of wearable technologies.  
The Consumer Technology Association (CTA) released standards in 2016 to 
recommend certain performance levels to guide validity assessment of step counting 
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wearable technologies.44 The CTA suggested that under controlled laboratory conditions, 
researchers, device manufacturers, and consumers should use a hand tally counter to 
record the number of steps observed during treadmill ambulation, and then use the result 
as a criterion standard to determine and compare accuracies between different wearable 
technologies. Steps are best manually counted in real time and recorded using a video 
recorder for redundancy purposes and verification as needed to ensure the correct number 
of steps were indeed counted.11  
Accuracy was defined by the CTA as the difference in number of steps recorded 
using the wearable technologies as compared to the directly observed steps. Precision is 
defined as the assessment of random error, and is commonly referred to as variance or 
variability.45 Random error is that which is due to chance, or just naturally occurring. 
Measures of bias are useful for further assessing the level of agreement and systematic 
errors (over or underestimations) between wearable technologies and criterion measures.  
1.1.6 Accuracy 
The CTA recommended that the accuracy of wearable technologies be determined via 
mean absolute percentage error (MAPE) and optimal results should be ≤10% MAPE. 







|) × 100 
To illustrate, if a person walks 100 steps during a bout of walking, and their wearable 
technology records 95 steps, that device has a calculated MAPE of 5%. As MAPE moves 
closer to zero, confidence in device accuracy is increased. No rationale was presented for 
the CTA-recommended accuracy threshold for a MAPE of ≤10%. Further, there have 
been other proposed MAPE thresholds for step counting accuracy, such as <5%46 or 
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<3%,47 however, there is not yet enough evidence accumulated to support any of these 
indices as standardized accuracy thresholds to benchmark performance.  
There are many strengths associated with using MAPE as a measure of accuracy. 
First, it is a simple index that employs a criterion measure of observed (true) steps. 
Further, reporting accuracy as a percentage scales the error to the total number of steps 
taken. For example, if a device detects 20 steps but the observed number of steps taken is 
really 25 steps, the difference is five steps and the MAPE is 25%. In comparison, if 
another device detects 95 steps out of 100 observed steps, the difference is five steps. 
However, the calculated MAPE is only 5%, indicating that the accuracy of the second 
device is better than the first one. Lastly, the absolute nature of the calculation eliminates 
the aggregate effects of over- or underestimation. For example, if in a single walking 
bout, a person accumulates 100 steps, but the wearable technology detects 115 steps, the 
result is interpreted as a 15-step overestimation. If in the subsequent bout, the same 
person walks 100 steps again, but the wearable technology records 85 steps, this result 
represents a 15-step underestimation. Without using the absolute value calculations of 
step differences, the average of these two walking bouts would erroneously suggest that 
this device had zero error (i.e., performed “perfectly”). However, by using the absolute 
value of the difference, or the MAPE, it is clear that there is an overall 15% error (in 
addition to the wildly fluctuating over and underestimations).  
1.1.7 Precision 
With respect to step counting wearable technologies, precision (i.e., random error) 
can be represented visually or digitally as the spread or distribution of the step counting 
error. For example, if during four different bouts of walking a specific wearable 
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technology records -5 steps, +25 steps, +40 steps, and -35 steps relative to an observed 
criterion standard, the variance, distribution, or spread of the step count estimates appears 
to be random and not precise, as the step count estimates fluctuate across a range of 75 
steps. The less distributed the error, the greater precision of the wearable technology.  
 In contrast to measures of accuracy or bias, precision does not directly compare 
the difference in step counts from wearable technology to directly observed steps. Rather, 
it is an assessment of natural variability of the difference between directly observed steps 
and those measured through wearable technology.45 Common ways to assess and present 
precision include calculating standard deviation (SD), coefficients of variation (CoV), 
and correlation coefficients. With respect to step counting in wearable technologies, there 
is no consensus recommendation for an acceptable level of SD, CoV, or correlation 
coefficients to indicate sufficiently precise step counts.  








Where Ej represents the step counts from the wearable technology, E is the directly 
observed steps, j is an individual sample, and n is the total sample.45 The calculation of 
SD represents the variance, spread, or distribution of the step estimates obtained from the 
average difference of steps within each wearable technology across all participants. Since 
SD describes variance about a mean difference, it is a way of describing the precision of 
the data. For example, with MAPE described earlier, each MAPE value represents a 
mean value calculated from multiple data points (i.e., differences in step counts from a 
wearable technology across multiple participants). The calculation of the associated SD 
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allows for evaluation of the precision of each wearable technology across the total 
sample. Larger SD values indicate less precision (more variance), and smaller SD values 
indicate more precise measures (less variance).  
The CoV is similar to SD, just scaled and expressed as a percentage of the 
mean.43 The formula for CoV can be defined as45: 
𝐶𝑜𝑉 = ( 
𝑆𝐷
𝑀𝑒𝑎𝑛
) ∗ 100 
Where SD is the variance of the step count from a wearable technology, and the mean 
represents the average step count from that device. For example, if a wearable technology 
has an SD of 10 steps within each trial, and the average step counts across multiple trials 
is 100 steps, the CoV is 10%. Lower CoV calculations indicate a more precise wearable 
technology step count measurement. Since it is an extension of SD, the inference derived 
from CoV is similar to that of SD, giving an estimate of variance from an averaged data 
point (i.e., MAPE of step counts from wearable technologies across multiple 
participants).  
Lastly, calculating a correlation coefficient is another way to describe the 
precision of step counting wearable technologies by assessing their consistency when 
compared to directly observed steps.43 This utilizes the XY scatter plot to depict the 
linear relationship between the independent (directly observed steps) and dependent 
(device-recorded steps) variables.48 The variance, or spread of the data, illustrated in the 
scatter plot indicates the precision of the measures. A digital value for precision can be 
quantified by fitting a line to the plot which indicates the strength of the relationship 
between step counts determined by both wearable technologies and the criterion standard. 
Specific to step counting wearable technologies (where no negative relationship is 
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realistically expected), the correlation coefficient is digitally represented as an r value 
ranging between 0 to +1, where r = +1 is interpreted as a strong, positive, tightly fitted, 
and linear relationship, and one where there is limited variance in the estimates.48 To be 
clear, an correlation coefficient of +1 would indicate that the wearable technology 
consistently records the same number of steps that are directly observed. Values less than 
+1 indicate a relatively weaker relationship, and a correlation coefficient of 0 indicates no 
relationship at all, displaying a large variance in the data and indicating less precise 
measures.48  
To illustrate the application of correlation coefficients in regards to step counting 
wearable technologies, Beets, Patton, and Edwards43 calculated the index for four 
different wearable technologies at 40, 54, 67, 80, and 94 m·min-1 and reported a range 
from 0.225 to 0.999, with increasing r values at faster speeds. These findings indicate that 
at slower speeds, wearable technologies displayed reduced precision. However, at speeds 
80 m·min-1 and greater, the technologies’ r values improved to > 0.93, indicating greater 
precision.43 In addition to the correlation coefficients calculated at each speed, 95% CIs 
were also reported. For example, for one wearable technology tested at the slowest speed 
of 40 m·min-1 the correlation coefficient was 0.460. In comparison, at the fastest speed of 
94 m·min-1 the comparable values were 0.999 indicating a more precise (higher r) 
measure. 
1.1.8 Bias 
As previously mentioned, bias refers to ways of assessing systematic over- or 
underestimation of steps from the technologies when compared to the criterion measure 
of directly observed steps.45 Overestimation refers to when devices record more steps 
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than the actual number of steps taken, and underestimation refers to when devices record 
fewer steps than the actual amount taken. Common ways to assess measurement bias with 
respect to wearable technologies include calculating overall percentage error (PE) and 
drawing Bland-Altman plots. Similar to the calculation of MAPE, PE compares step 
counts from wearable technologies to the directly observed steps, and is reported as a 
percentage difference for scaling purposes. For example, Dueker, Gauderman, and 
McConnell49 calculate PE with respect to bias of wearable devices as: 
𝑃𝐸 = (
𝑊𝑒𝑎𝑟𝑎𝑏𝑙𝑒 𝑡𝑒𝑐ℎ𝑛𝑜𝑙𝑜𝑔𝑦 𝑠𝑡𝑒𝑝𝑠 − 𝑂𝑏𝑠𝑒𝑟𝑣𝑒𝑑 𝑠𝑡𝑒𝑝𝑠
𝑂𝑏𝑠𝑒𝑟𝑣𝑒𝑑 𝑠𝑡𝑒𝑝𝑠
) ∗ 100 
By dividing the difference of the two measures by the observed (true) steps, the result is a 
scaled index that explains the difference, regardless of the total number of steps taken. As 
an illustrative example, if someone walks 100 steps but their wearable technology records 
95 steps, the difference is five steps and the PE is -5%. Further, if someone else walks 
1,000 steps but their wearable technology recorded 950 steps, there is a 50-step 
difference. This is seemingly larger than the 5-step difference from the first example, 
however, due to the scaling nature of PE (dividing by the observed steps), the PE is still -
5%. The other benefit of PE is that it defines the direction of the error. For example, an 
underestimation of steps is indicated by a negative PE value, while a positive PE 
indicates an overestimation.  
Bland-Altman plots are generally used to visualize data and interpret agreement 
between two methods. With respect to step counting, these plots represent the visually 
plotted agreement between the criterion and device-based estimates.50 The plot itself is an 
XY scatter plot, where the X axis represents the average step counts detected by both 
direct observation and the wearable technology.50 The Y axis then displays the difference 
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between the two step counts. Each point on the scatter plot represents a single contrast 
between these two estimates.50 Another benefit of Bland-Altman plots is that the 
graphical depiction also illustrates the 95% Limits of Agreement (LOA). This 95% limit 
of agreement is a range that represents results that are within ±1.96 standard deviations 
(described below) of the mean difference. Data points that fall outside of the 95% LOA 
represent outliers, or random error. However, Bland-Altman plots are graphical 
representations and therefore are not easily translatable when comparing studies. Digital 
(tabularized) representations of bias allow for more direct comparison for standardization 
purposes. 
Lastly, a 95% confidence interval (CI) can also be calculated for group means 
(MAPE, correlation coefficients, PE)to assess the confidence in the estimate; that is, a 
determination that the finding is confidently reliable. A 95% CI provides a range of 
values, both above and below the single group average that contains the true value. The 
narrower the range, the more reliable the finding and therefore the greater the confidence 
in the precision of the estimate. 
1.1.9 Threats to Validity 
While variations in step counting performance are apparent when comparing 
devices across different models and manufacturers, there are certain external factors or 
threats to validity that may influence performance of wearable technologies. Among 
these, the two main sources of threats to validity are speed and wear location (e.g., wrist 
vs waist).11 At slower walking speeds, each step may not produce enough force to be 
accurately recorded.22 Tudor-Locke et al.51 recommends that technologies should be 
sensitive enough to detect forces of ≥0.35 Gs (gravitational units), a threshold 
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corresponding to the forces typically produced during normal ambulation. During slow 
ambulation (i.e., <53.6 m·min-1), the vertical accelerations are less pronounced (<0.35Gs) 
during each step and therefore may not generate sufficient force to be detected as a step 
by all wearable technologies, resulting in an undercounting of steps.52 The forces are not 
easily assessed, so speed is a reasonable proxy indicator of such force levels. Bassett et 
al.22 suggests that most wearable technologies will record only 50-75% of the actual 
number of steps taken at 26.8 m·min-1.  
Wear location can further influence validity of step counting wearable 
technologies. Such devices were traditionally manufactured to be worn at the waist (belt, 
or waistband) to be most sensitive to the vertical accelerations produced during normal 
walking.18 Commercial applications have more recently produced ankle, thigh, and wrist 
mounted technologies.  
Ankle worn technologies capture steps taken by measuring the displacement of 
the lower limb created during ambulation. The Step Watch 3 is an ankle worn technology 
that detects step counts almost identical to those manually counted, producing a 99.7% 
accuracy even at treadmill speeds of 26.8 m·min-1.53 Ankle worn wearable technologies 
are closest to the foot, where there is the greatest level of displacement and force created 
during stepping This thereby increases the device’s ability to capture each step taken, 
including those associated with slow movements, as the close proximity to the movement 
of the foot and eminent forces from foot striking during walking allow for more agreeable 
recordings of the actual number of steps taken. As previously discussed, slow walking 




Currently, there is only one thigh mounted technology available for use, the 
activPAL monitor. Similar to waist mounted technologies, the activPAL responds to 
vertical accelerations produced during normal walking. At 26.8 m·min-1, the activPAL 
logged only a 3.5% underestimation of actual steps taken.54 The decreased step counting 
error at slower speeds may be attributed to the fact that the technology is placed directly 
on the actively moving leg and therefore is more sensitive to even slow and low force 
ambulatory movements.  
A wave of commercial wrist worn step counting wearable technologies are now 
available including offerings from Fitbit, Apple, Garmin, Polar, Samsung, ActiGraph, 
among others. From a scientific perspective, wrist worn devices were first trialed as a 
means of increasing overall compliance in the form of increased wear time.55 
Commercially, wrist worn devices also appeal to consumer interest in conscious 
consumption.56  
 The step counting abilities of wrist worn devices are similar to those worn at 
other locations in the sense that they are all intended to detect vertical accelerations 
created during walking (i.e., the up-and-down motion of the body during ambulation) and 
record “steps” based on the frequency and magnitude of these accelerations. Chen et al.24 
evaluated three commercially available wearable technologies in 30 participants (50% 
female; 21.5 ± 2.0 years of age) walking on a treadmill at 53.6, 80.5, 107.3, 134.1 m·min-
1 for five minutes for each bout. Wrist worn technologies produced by a variety of 
different manufacturers displayed a range of 9.6-1.5% PE for detecting steps when 
compared to direct observation, with decreasing error evident during faster speeds. 
Further, when comparing waist versus wrist wear locations of technologies from the same 
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manufacturer (ActiGraph), wrist worn technologies consistently recorded fewer steps 
than waist worn technologies across all speeds of walking on a treadmill.57 In this 2015 
study by Tudor-Locke, Barreira, and Schuna,57 15 participants (67% female; 27.5 ± 2.5 
years of age) walked on a level treadmill across a range of speeds from 13.4-187.8 mph 
increasing in 13.4 m·min-1 increments. Across all walking speeds, wrist worn 
technologies produced outputs that were significantly different from directly observed 
steps, whereas waist worn technologies were only significantly different over a more 
limited speed range from 13.4-53.6 m·min-1.  
Wrist worn technologies are subject to erroneously detecting non-stepping 
movements as steps throughout the day.22 For example, when standing and folding 
laundry, devices may record “steps” from the movement produced, when in reality no 
steps were taken.22 Examples of this, specific to the youth population, could be playing 
the drums, or folding laundry. The arms/wrists are in motion, producing forces that may 
lead to the technologies recording a “step” when no actual steps were taken Tudor-Locke, 
Barreira, and Schuna57 also evaluated step counts from the same brand of wearable 
technology concurrently worn at the wrist and waist. They found that when compared 
across free-living conditions, wrist worn accelerometers recorded consistently higher 
average step counts (2500-8700 steps more) compared to waist worn monitors.57 The 
difference is likely attributable to erroneously detected non-steps accumulated throughout 
the day. 
1.2 Summary 
As new objective wearable technologies continue to develop, standardized 
approaches to documenting validation parameters (i.e., measures of accuracy, precision, 
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and bias) are needed to ensure confidence in step-defined PA. This validation effort 
should be extended to youth samples for improved objective activity monitoring methods 
and for a better understanding of PA and health related outcomes. To be clear, 
standardized communication about validation parameters would facilitate direct 
comparisons between research studies and populations and allow for clear 
communication about dose response relationships between PA (i.e., steps·day-1, 
steps·min-1) and associated health outcomes. New lines of wearable technologies are 
frequently developed and made commercially available. Yet validation studies are 
necessary if scientists and a range of practitioners are to optimally use such devices in 
research and/or clinical settings. Direct consumers also rely on their wearable 
technologies to provide them with dependable personal health-related data.22  
1.3 Purpose of the Study 
To conduct a secondary analyses of data previously collected with multiple wearable 
technologies (worn on arm/wrist, waist, thigh, and ankle).36 The analyses will compute 
and compare age, wear location, and speed-specific measures of accuracy (MAPE), 
precision (correlation coefficient, SD, CoV), and bias (PE) across these multiple wearable 
technologies. The original data source is based upon 120 children (6-12 years), 
adolescents (13-17 years) and young adults (18-20 years) who wore several wearable 
technologies and completed a multiple speed treadmill protocol that also used a criterion 
standard of directly observed steps.36 This effort provides a valuable source of reference 




1.4 Aims and Hypotheses 
Aim 1 Catalog and evaluate digital indices of accuracy, precision and bias of steps for a 
variety of wearable technologies across a range of speeds.  
 H1: Accuracy, precision, and bias of steps will improve for all technologies as 
speed increases. 
Aim 2: Catalog and evaluate digital indices of accuracy, precision and bias of steps for 
different wear locations (ankle, thigh. waist, and arm/wrist) of wearable technologies 
across a range of speeds.  
H2: There will be differences in accuracy precision and bias of steps based on 
wear location (ankle>thigh>waist> arm/wrist).  
Aim 3: Catalog and evaluate digital indices of accuracy, precision and bias of steps for 
children (6-12 years), adolescents (13-17 years) and adults (18-20 years) of wearable 
technologies across a range of speeds.  
 H3: There will be no difference in accuracy, precision, or bias of steps across 





 LITERATURE REVIEW 
2.1. Overview 
Wearable technologies are used widely in PA research to investigate behaviors 
across different populations, yet there have only been a few youth-specific studies that 
have evaluated the step counting features of these technologies. The purpose of this 
systematically focused literature review was to identify treadmill validation studies of 
step counting wearable technologies conducted with youth (specifically, those 6-18 years 
of age). This was done in an effort to catalog testing protocols (including treadmill speed, 
wear location of devices, and age group) and specifically how researchers have analyzed 
and reported accuracy, precision and/or bias of step counting wearable technologies as 
compared to directly observed steps.  
2.2 Objective Activity Monitoring in Youth 
This literature review was updated on PubMed as of December 13, 2019. After 
trialing and refining numerous arrangements, a final Boolean search string [(steps OR 
"steps per minute*" OR "steps/min*") AND (treadmill) AND (child* OR youth OR 
adoles*) AND (valid* OR reliab*)] was used to specify the most relevant articles to the 
overall purpose as stated above. Additionally, filters of timespan (inception or earliest 
PubMed records identified up to present times), species (“human”) and language 
(“English”) were applied. This electronic search strategy produced 42 individual original 
research articles, ranging in publication year from 1977-2019. Titles and abstracts were 
subsequently screened to confirm inclusion of youth samples (6-18 years of age) and 
wearable technology validation processes that included step counting. Eliminated articles 
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at this stage of the review included six focused only on adult samples and 18 that did not 
consider step counting amongst evaluated outputs. The full texts of the 18 remaining 
articles were subsequently reviewed for inclusion criteria based on: 1) including a sample 
of youth (6-18 years of age), 2) reporting step counts as a metric of interest, 3) using 
directly observed (or video recorded) steps as a validation criterion measure, and 4) 
including bouts of walking or running on a level treadmill. Of these 18 articles, four were 
excluded because they did not detect step counts, six because they focused on populations 
outside of the intended age range, and one for not using a treadmill-based protocol. The 
reference sections of the remaining six articles were reviewed and a single additional 
article was identified that met all inclusion criteria. Ultimately, seven original, 
independent research articles were included in the review that follows.  
As per search design, the purpose of each identified study was similar in nature, 
namely, to investigate the validity, and more specifically, the accuracy, precision, and/or 
bias of wearable technologies during treadmill walking in youth samples. Table 1 
presents abstracted information including: 1) first author and year of publication, 2) 
sample characteristics (sample size, % female, age range or other age descriptive 
information as provided), 3) protocol characteristics (number, duration, and speed of 
bouts), 4) wearable technologies used, and 5) statistical methods and results used to 
evaluate and report accuracy, precision and/or bias. For ease of comparison, all 
descriptive numerical values have been rounded to a single decimal point and all speed 
values have been converted to metric measures (specifically, m·min-1). Any apparent 
reporting discrepancies between studies represent original differences that could not be 




Beets, Patton, and Edwards43 evaluated step counting accuracy of four pedometers 
in 20 children (50% female) 5-11 years of age. All devices tested were worn at the waist 
and included the Walk4Life 2505 (WL; Plainfield, IL), Digiwalker SW-200 (DW200; 
Yamax Corp., Japan), Sun TrekLINQ (SUN; Arvada, CO) and Digiwalker SW-701 
(DW701; Yamax Corp., Japan). The treadmill protocol consisted of five 2-minute bouts 
at 40, 54, 67, 80, and 94 m·min-1. Intraclass correlation coefficients (ICC) and MAPE 
were calculated for each device at each speed. There was a similar trend observed across 
all technologies where ICCs improved with increasing speeds, ranging from 0.225 (SUN) 
at the slowest speed to 0.999 (DW200) at the fastest speed. As mentioned in Chapter 1, 
ICC values closer to one represent a stronger linear relationship with directly observed 
steps, and therefore are considered to be indicators of a more precise technology. All 
wearable technologies assessed displayed ICC >0.9 for speeds ≥80 m·min-1.  
 The MAPE values were within 5% error for three of the devices at speeds ≥67 
m·min-1 while the SUN model only reached this threshold at speeds ≥80 m·min-1. This 
result indicated that the step counts from the tested wearable technologies were within 
5% of the directly observed steps. Although not directly quantified, as speed increased to 
67-94 m·min-1 the MAPE decreased, indicating increasing accuracy of step estimates. At 
the slowest walking speed, all technologies were greater than 20% MAPE. At the fastest 
speed however, MAPE improved to within 5% of directly observed steps for all 
technologies. As previously indicated, at the slower speeds (40 and 54 m·min-1), the 
lower ICCs and higher MAPE values apparent for the tested technology indicated greater 
error in step measurement. 
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 A similar validation study was conducted by Trapp et al.58 of the Accusplit 
AH120M9 (Accusplit, Inc. Livermore, CA, USA) with built in memory, and the Yamax 
SW-700, both of which are a spring-levered pedometers. Researchers evaluated the step 
counting accuracy compared to directly observed steps using MAPE in 45 children 
(51.1% female, 10.7 ± 0.8 years) at slow (40m·min-1), moderate (67 m·min-1) and fast (91 
m·min-1) walking. Participants were outfitted with both devices worn on the right hip and 
walked on a treadmill at the three set speeds for three minutes each bout. The Accusplit 
displayed a MAPE of 46.9%, 15.9 % and 8.6% for the increasing speeds respectively. 
Further, the Yamax SW-700 showed a similar trend of decreasing MAPE values 44.1%, 
14.0%, and 8.9%, respectively, with increasing speeds. Both devices undercounted step 
counts, especially at the slowest speed (40 m·min-1), indicated by the relatively larger 
MAPE values (44.1-46.9%). Although MAPE is absolute in nature, meaning it is only 
expressed as a positive value, the evident magnitude of the error at slower speeds was due 
to undercounting of steps from the wearable technologies compared to directly observed 
steps. The Accusplit undercounted by an average of 124.4±52.2, 52.0±43.9, and 
29.7±45.5 steps across the three speeds, respectively. Similarly, the Yamax SW-200 
undercounted by an average of 116.3±53.4, 44.58±38.8, and 31.2±46.3 steps, across the 
slowest to fastest speeds, respectively.  
 Trapp et al.58 also used Bland-Altman plots and 95% LOA to evaluate whether 
step count estimates from both devices agreed with directly observed steps at 40 m·min-1, 
67 m·min-1, 91 m·min-1. At the slowest speed of 40 m·min-1, both technologies were not 
in agreement with directly observed steps, as no difference (i.e., 0 steps) fell outside of 
the 95% LOA, whereas at 67 m·min-1 and 91 m·min-1, both technologies were considered 
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in agreement based on their results being contained within the bands designated by the 
95% LOA.  
 Ramírez-Marrero et al.59 also investigated the Digiwalker SW-200 accuracy in 
treadmill walking with a sample of 31 African-American children (45.2% female, 
age=8.8 ± 1.4 years). The participants walked at three different speeds (59 m·min-1, 70 
m·min-1, and 91 m·min-1) for two minutes each bout. Bouts were repeated 3 times at each 
speed, for a total of nine walking trials, and all were performed on the same day. 
Participants concurrently wore the two pedometers clipped to the waistline of their shorts, 
one on the midline of their thigh, and the second at the midline of their torso. Step counts 
from each wear location and each bout were compared to directly observed steps. The 
SW-200 at the midline of the thigh captured 85% (p≤0.05), 95%, and 99% of the directly 
observed steps for each of the respective speeds (slowest to fastest). The SW-200 at the 
midline of the torso captured 102%, 105%, and 102% of the directly observed steps at 
each of the three speeds, respectively. Consistently, the SW-200 overestimated the 
number of steps from each walking bout compared to steps that were directly observed. 
Additionally, when the same pedometer was worn at the midline of the thigh it 
consistently underreported steps, although it did improve accuracy with increased speeds. 
However, at slower speeds (59 m·min-1), the SW-200 significantly undercounted the 
actual number of steps taken when worn at the manufacturer’s suggested wear location. 
This study replicates similar observed trends in increased accuracy of step counting 
wearable technologies with increases in walking speed. 
 Mitre et al.60 investigated the accuracy of two commonly used pedometers (the 
Omron HJ-105 (Kyoto, Japan) and the Yamax Digi-Walker SW-200) at four different 5-
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minute walking treadmill speeds (13.4 m·min-1 26.8 m·min-1 40.2 m·min-1 and 53.6 
m·min-1) with 27 children (51.9% female; age = 11 ± 1 years), categorized as normal 
weight (n=16, 62.5% female, BMI percentile=41±23%) and obese (n=11, 36.34% female, 
BMI percentile=92±4%) children.60 Across all speeds, both pedometers displayed error 
compared to directly observed steps (measured using PE) that improved with increasing 
speeds. Specifically, at 13.4 m·min-1, both pedometers displayed almost -100% error (i.e., 
they did not record any steps at this slowest speed), improving only to approximately -
60% PE at 53.6 m·min-1. This study also replicates similar trends shown by Ramírez-
Marrero et al.59 of increased accuracy from wearable technologies, including SW-200, 
with increases in walking speed. 
Dueker, Gauderman, and McConnell49 used PE and MAPE to describe step 
counting validity of a piezoelectric pedometer, the SportBrain iStep X1 (manufacturer 
information not reported), and a spring-levered pedometer, the Digiwalker SW-701. The 
study sample included 17 children (58.8% female, age =12.8 ± 1.7 years). Participants 
were outfitted with the SportBrain iStep X1 and Digiwalker SW-701 pedometer on the 
right waist and walked or ran on the treadmill at 53.6 m·min-1, 80.5 m·min-1, 107.3 
m·min-1, and 134.1 m·min-1 for 3-minute bouts. Steps were directly observed for the 
criterion measure, and PE and MAPE were calculated for each bout. Observed step count 
errors were almost entirely due to undercounting, leading to a negative PE, but positive 
MAPE. As described in Chapter 1, PE indicates the direction of the error and therefore a 
negative PE corresponds to an undercounting of steps when compared to directly 
observed steps. On the other hand, MAPE represents absolute errors, specifically, the 
magnitude of the error, but not the direction. Therefore, MAPE is always positive and 
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never negative. At each of the four increasing speeds, the SportBrain displayed a -1.3%, -
0.5%, -0.2% and -3.9% PE respectively. Concurrently, the DigiWalker displayed a -
19.3%, -8.3%, -11.8%, and -4.3% PE at each of the four speeds respectively. These 
results indicate that at all speeds, the piezoelectric SportBrain iStep X1 showed a reduced 
PE compared to the spring-levered pedometer, the Digiwalker SW-701 pedometer.  
Aminian and Hinckson61 investigated the validity of the Yamax DigiWalker SW-
200 and NL-2000 (NewLifestyles Inc., Lees Summit Missouri) measuring ambulatory 
activity in children. The study included a sample of 25 children (68% female; age= 9.9 ± 
0.3 years) who were outfitted with the SW-200 and NL-2000 attached on the right and 
left side of the waistband, respectively. They walked on a treadmill for 2-minute bouts at 
50 m·min-1, 66 m·min-1, 93 m·min-1, and 133 m·min-1. PE values were used to assess the 
bias of the device step count measures at slow (50 m·min-1) and fast (93 m·min-1) 
walking, as well as running (133 m·min-1). The SW-200 underreported steps (-4%) during 
slow walking, yet over reported steps during fast walking and running (1% and 2%, 
respectively). The NL-2000 reported a similar pattern, underestimating by -11% at slow 
walking and over estimating by 2% and 1% during fast walking and running, 
respectively.  
Rosenkranz, Rosenkranz, and Weber62 also assessed the Yamax DigiWalker SW-
200 step counting function in 19 children (36.8% female; age=9.6 ± 1.2 years). 
Participants completed four 3-minute bouts on a treadmill at 40.2 m·min-1, 80.5 m·min-1, 
120.7 m·min-1, and 161 m·min-1. There was no rest between speeds as these were 
continuously increased after each 3-minute bout. As a result, PE was used to assess bias 
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across the entire walking protocol (averaged across bouts). The SW-200 undercounted by 
4% during the full treadmill activity.  
The pedometer studies reviewed above were purposely limited (via selected 
search strategies) to controlled laboratory (i.e., treadmill) settings that also used direct 
observation of steps taken as the criterion standard. Seven identified studies focused on a 
limited variety of pedometers (Walk4Life 2505, Digiwalker SW-200, Sun TrekLINQ, 
Digiwalker SW-701, Accusplit AH120M9, Yamax SW-700, Omron HJ-105, and 
SportBrain iStep X1) and tested small sample sizes (ranging from 17-45 participants) 
representing an age range of 5-17 years. Treadmill protocols varied in number of bouts 
(three to five bouts) and their duration (two minutes to five minutes), whether rest was 
provided (six studies) or not (one study), and whether (six studies) or not (one study) they 
included both walking and running bouts. Four studies included measures of accuracy 
(specifically, MAPE), four included measures of precision (ICC), and three included 
measures of bias (PE and Bland-Altman Plots). None included all three. Where reported, 
MAPE values ranged from 46.9% to 0.2%. PE ranged from -100% to -0.2%. ICC values 
ranged from 0.225 to 0.999. SD values were reported for the group means of MAPE, and 
PE when reported. CoVs were never reported.  
2.2.2 Accelerometers 
Aminian and Hinckson61 also incorporated an ActivPAL, a thigh worn 
accelerometer, into the previously described protocol. ICCs were reported for all 
conditions. The authors reported a perfect correlation (ICC=1) between the ActivPAL 
and the directly observed steps in slow (50 m·min-1) and normal (66 m·min-1) paced 
walking. However, relatively low correlations (ICC=0.21 and ICC=0.34) between device 
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and criterion were observed with fast walking (93 m·min-1) and running (133 m·min-1), 
respectively. Further, PE values were calculated to assess the bias of tested technologies 
at fast (93 m·min-1) walking, as well as running (133 m·min-1). The ActivPAL 
overestimated steps by 8% and 26% during both of these conditions, respectively. 
Further, although not directly quantified, the authors stated that the ActivPAL performed 
accurately during slow (50 m·min-1) and normal (66 m·min-1) walking speeds.  
Rosenkranz, Rosenkranz, and Weber62 also evaluated the validity of the Actical 
(Respironics Inc. Murrysville, PA) accelerometer in the same treadmill protocol 
described above that evaluated the accuracy of the Yamax DigiWalker SW-200 in 19 
children (36.8% female; age=9.6 ± 1.2 years). Two accelerometers were initialized with 
30 second epochs. One was worn on the waist and one on the ankle. The waist worn 
Actical undercounted steps (PE= -11%) across the full range of treadmill speeds. 
Additionally, the ankle worn Actical undercounted steps by 17% across all treadmill 
speeds. Further, both placements correlated (ICC) strongly with directly observed steps. 
Specifically, across all speeds, the waist worn Acticals displayed an ICC=0.927 while the 
ankle worn Acticals demonstrated an ICC= 0.854. Further, when presented as cadence 
instead of total accumulated steps, the authors reported less agreement (although not 
specifically quantified) between waist-worn Acticals and directly observed step at lower 
cadences. This finding was illustrated via Bland-Altman plots and 95% LOA. The plots 
showed that at a cadence ≤100 steps·min-1 there was a greater range of differences in step 
counts from waist worn Acticals as compared to directly observed steps. However, at 
cadence >100 steps·min-1 the range in differences of step counts decreased. This was 
indicated by a wider LOA at lower cadences that narrowed as cadence increased. This 
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observed trend was reversed with ankle worn devices. Specifically, the ankle worn 
Acticals displayed a narrower LOA with directly observed steps at cadences ≤ 140 
steps·min-1 and a wider LOA at higher cadences (>140 steps·min-1). To be very clear, the 
Actical was biased (displayed greater systematic error) at higher cadences.  
Similar to the pedometer studies, the accelerometer studies reviewed herein were 
purposely limited to those selected using search strategies limited to controlled laboratory 
(i.e., treadmill) settings. Two identified studies focused on a small number of wearable 
technologies (ActivPAL and Actical) and tested with limited sample sizes (ranging from 
19 to 25 participants) and representing narrow age ranges (from seven to 11 years of age). 
The treadmill protocols each included four speeds ranging from 40.2 m·min-1 to 160.9 
m·min-1. The duration of bouts were two minutes and three minutes for each study, 
respectively. Both studies also included walking and running bouts. Neither study 
included measures of accuracy, however both included measures of precision (ICCs), and 
only one included an indicator of bias, and only a graphical one (i.e., a Bland-Altman 
plot). Where reported, ICC values ranged from 0.21 to 1.0. MAPE, PE, SD, and CoVs 
were not reported.  
2.2.3 Summary of Literature Review 
This literature review identified that study protocols tested wearable technologies 
across a broad range of speeds, and, for the most part, documented improved accuracy 
and precision as speeds increased. However, bias did not always display a linear 
improvement with increased speed as there were instances where bias was increased from 
slow walking to moderate walking, and then decreased into fast walking, and running. 
Further, one study showed greater bias at increased cadences, indicating a technology-
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specific inconsistent relationship with speed. This literature review also identified a 
number of information gaps and opportunities for further study. It is apparent that a larger 
sample size and a more comprehensively aged youth sample is needed to validate step 
counting wearable technologies across the developmental age span. A greater number of 
wearable technologies should be concurrently evaluated against the criterion standard and 
these should also represent diverse wear locations, specifically, ankle, thigh, waist, and 
wrist. Lastly, there is a need for a standardized validation approach to analyses that 
includes consistent and digital expressions of accuracy, precision, and bias. Although the 
CTA has suggested that step counting wearable technologies should produce a MAPE of 
<10%,41 this guidance is not empirically guided and there are few other reference data 
available to guide interpretation of these validity parameters. 
The analysis leverages the present knowledge base and enhances the field by 
providing standardized digital validation parameters (accuracy, precision, and bias) based 
upon a large sample of youth to young adults (6-20 years of age) who wore multiple 
wearable technologies attached at different wear locations and were tested across a broad 
range of treadmill speeds (0.5-5.0 mph). Together, these missing pieces of information 
will be combined into a highly useful catalog of reference values that could be used to set 






3.1 Computing and Comparing Wearable Technology Step Counts in Youth 
 This study represented a secondary analysis of the NIH funded R21 CADENCE-
Kids: Cadence and intensity in Children and Adolescents dataset.39 The primary aim for 
the original study was to establish cadence values associated with absolutely defined 
moderate intensity.39  
The purpose of this study was to conduct a secondary analysis of these data 
previously collected with multiple wearable technologies (worn on ankle, thigh, waist, 
wrist).36 This secondary analysis computed and compared speed, wear location, and age-
specific measures of accuracy (MAPE), precision (correlation coefficients, SD, CoV), 
and bias (PE) across multiple step counting wearable technologies. The data source is 
based upon 120 children (6-12 years), adolescents (13-17 years) and young adults (18-20 
years) who wore several wearable technologies and completed a multiple speed treadmill 
protocol that also used a criterion standard of directly observed steps.36 This secondary 
analysis considers only walking bouts. Only 8.5% of total bouts (89/1,042 bouts) 
consisted of running, occurring individually-based and thus during different terminal 
bouts across the range of tested treadmill speeds. These running bouts were distributed 
across different speeds as follows: 80.5 m·min-1 (n=3), 93.9 m·min-1 (n=6), 107.2 m·min-1 
(n=20), 120.7 m·min-1 (n=41), 134.1 (n=19). Due to the difference in gait patterns 
associated with running vs. walking, and overall lack of a robust sample size with 
running at standardized speeds, running bouts were excluded.  
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Participants wore nine step counting wearable technologies across multiple wear 
locations (ankle, thigh, waist, wrist and upper arm). Although the GENEActiv 
(Activinsights, Cambs, UK) wearable technology was used in the original study, there are 
no currently published and validated algorithms for generating step outputs. For this 
reason, the data from the GENEActiv was omitted. The remaining eight step counting 
wearable technologies (and their respective wear locations) evaluated in these secondary 
analyses are presented in the Tables 4 through 14.  
3.2 Participants 
 Recruitment and data collection were originally designed to be evenly distributed 
across sexes (60 boys, 60 girls) and ages (four boys and four girls for each age year). 
Additionally, the sample was designed to be heterogeneous across race/ethnicity and 
BMI-defined obesity classifications. All study procedures were reviewed and approved 
by the Pennington Biomedical Institutional Review Board, where the original data 
collection took place. Approval was also permitted by the University of Massachusetts 
Amherst Institutional Review Board for secondary analyses of de-identified data. 
 In accordance with the ambulatory nature of the original study, exclusion criteria 
for participation included use of wheelchairs and other assistive walking devices and all 
other impairments that could affect normal ambulation. Other exclusion criteria included 
hospitalization for mental illness within five years of enrollment, any condition or 
medication that would affect the heart rate response to exercise testing, pregnancy, and 
presence of a pacemaker or any other implanted medical device, including the use of 




 This secondary analysis focused on the data collected specifically during treadmill 
walking, a portion of the larger CADENCE-Kids study. Participants completed a series of 
five-minute walking bouts on a level (0% grade) treadmill, which started at 13.4 m·min-1 
and increased by 13.4 m·min-1 increments up to 134.1 m·min-1. Each walking bout was 
separated by at least two minutes of standing rest to facilitate determination of bout-
specific step counts. Directly observed steps were obtained using a hand tally counter for 
each bout, and then averaged across the total sample for each respective speed.  
Some of the devices (ActiGraph, ActivPAL, Actical, StepWatch, and SenseWear) 
do not display immediate step count feedback, however, data were time stamped and 
downloaded following the protocol so that step data could be harvested. Specifically, the 
time stamped step count data were matched up to the exact digital timing of the protocol 
to inform records of bout-specific step counts for these specific wearable technologies. 
The NL-1000 and Yamax SW200 provided immediately available step count data for 
each bout. These data were recorded during scheduled rest periods between bouts. The 
protocol was terminated following the bout when the participant naturally chose to jog or 
run, or if they decided not to continue at any time point.  
3.4 Measures 
3.4.1 Participant Characteristics 
 Participant’s biological sex, race/ethnicity, and age by year were self-reported. A 
series of anthropometric measurements that included standing height, seated height, 
weight, and BMI calculations were then obtained. Standing and seated height were 
recorded to the closest 0.1 cm using a wall-mounted stadiometer (Harpenden model; 
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Holtain Ltd., Crosswell, Crymych, Pembrokeshire, UK). Two measures were taken for 
each and averaged. A third measure was taken if the difference between the first two was 
>0.5 cm apart. The seated height was measured using a set stool height, where 
participants would sit with their back against the stadiometer and with their legs hanging 
unweighted. This procedure allowed for a calculation of the torso height by subtracting 
the set stool height from the total measurement of the seated height. Leg length was 
subsequently determined by subtracting seated height from standing height. Participant’s 
weight was calculated (without socks and shoes) using a digital scale (Tanita SC-240; 
Tanita corporation, Tokyo, Japan). Again, this measure was taken twice and averaged, 
and a third measurement was performed if the difference between the two measurements 
was >0.5 kg. BMI was calculated using the standard equation of taking the measured 
weight and dividing it by the squared value of height (kg/m2).  
3.4.2 Treadmill-based Variables 
 Locomotor steps were directly observed during the treadmill protocol and 
recorded manually using a hand tally counter. A video camera was also directed at the 
participant’s feet and recorded movements for redundancy purposes (i.e., to ensure the 
correct number of steps were recorded). The speed (m·min-1) of each bout was 
determined using the treadmill’s digital output which was continuously affirmed using a 
tachometer.  
3.5 Statistical Analysis 
Statistical analysis was calculated using R-Studio (version 3.0.2, R Foundation for 
Statistical Computing, Vienna, Austria) and Microsoft Excel (2010).  Statistical 
significance was set at α ≤0.05. 
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3.5.1 Descriptive Statistics 
 Sex of participants was presented as frequencies (% girls and boys). 
Race/ethnicity of participants was also reported as frequencies (% African-American, 
Caucasian, or other). The distribution of continuous data including age, height, leg 
length, weight, and BMI was first plotted to assess normality and then presented as 
means±SD, if appropriate.  
 Each treadmill bout was defined by the 5-minute period at each respective 
treadmill speed (13.4 m·min-1 to 134.1 m·min-1). The treadmill-based variables consisted 
of step counts averaged for each wearable technology at each respective speed. For 
example, each wearable technology had step count data available for 13.4, 26.8, 
40.2…134.1 m·min-1 for each participant, where applicable. To be clear, not every 
participant reached the highest speed of 134.1 m·min-1 (due to the above-mentioned 
reasons), therefore the number of participants with available data diminished as speed 
increases. Also as mentioned above, there was a need to identify and separate data from 
those individuals who walked vs. ran during their final bout as the gait patterns are not 
the same, and therefore running bouts were removed from the analysis.  
The accuracy (MAPE) and bias (PE) values for each wearable technology 
(including wear location information) are presented as averages with associated SD with 
CoV precision values across the sample relative to each walking speed, and age group 
(defined above). Correlation coefficients (r; precision) were averaged across the sample 
and are reported as a single value across total bouts, as well as slow, normal, and fast 
walking speed bouts.  
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3.5.2 Inferential Analysis   
The inferential analyses are based on the difference between wearable 
technologies and directly observed steps. The inferential analyses used to test each Aims’ 
associated hypothesis included building several regression models with repeated 
measures and their corresponding 95% CIs to test for significance. Respective to each 
Aim, factors (terms of each regression model; what was being evaluated) were assigned 
to the regression model to test for significance as described in each hypothesis (repeated 
below for clarity purposes). From there, the regression models were used to calculate 
significance (α) values for each factor. Additionally, 95% CIs allowed for comparison 
between factors. If 95% CIs overlapped (meaning that part of the range of values in one 
factor’s CI overlapped with that of another factor’s 95% CI) then it was assumed that 
they are not significantly different. However, if CIs did not overlap, then it was assumed 
that the two factors were significantly different from each other. The framing of this 
approach respective to each Aim is presented in more detail below. Because the 
regression models were based on group means, SD and CoV were purposely left out of 
the inferential analyses.        
 Aim 1 Catalog and evaluate digital indices of accuracy, precision and bias of 
steps for a variety of wearable technologies across a range of speeds.  
 H1: Accuracy, precision, and bias of steps will improve for all technologies as 
speed increases. 
To address this hypothesis, accuracy, precision, and bias specific catalogs 
depicting technology performance across the range of walking speeds were created. 
Additionally, eight categories of regression models (for the eight wearable technologies 
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included) with repeated measures and 95% CIs were built. Based on the cataloging of 
validation indices for each wearable technology there was also three models (one for 
MAPE, one for correlation coefficients, and one for PE) for each wearable technology, 
where the models’ factor was speed (across the 10 increasing speeds from 13.4 to 134.1 
m·min-1). In total, 17 regression models were built. These represent the eight regression 
models respective to each of wearable technologies for MAPE and PE, and one 
regression model for correlation coefficients averaged across the tested wearable 
technologies at slow, normal, and fast walking). To be clear, it was anticipated that the 
three identified validity parameters for each tested wearable technology would 
significantly improve with increased speed. 
Aim 2: Catalog and evaluate digital indices of accuracy, precision and bias of 
steps for different wear locations (ankle, thigh, waist, and arm/wrist) of wearable 
technologies across slow, normal, and fast walking speeds. 
H2: There will be differences in accuracy precision and bias of steps based on 
wear location (ankle>thigh>waist> arm/wrist). 
 Indices of accuracy, precision, and bias were summarized and compared for each 
of the four wear locations (arm/wrist, waist, thigh, and ankle). The wear location group 
means were averaged across the four wear locations (arm/wrist, waist, thigh, and ankle), 
and reported respective to each bout. To address this Aim, wear location specific catalogs 
of accuracy, precision and bias, depicting technology performance, were created. Further, 
six regression models with repeated measures were built for MAPE and PE at slow (13.4, 
26.8, 40.2 and 53.6 m·min-1), normal (67.0, 80.5, 93.9, 107.2 m·min-1), and fast (120.7, 
134.1 m·min-1) speeds (two validity parameters x three speed categories) where wear 
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location was the factor in each of the models. For correlation coefficients, one model was 
built comparing wear locations specific correlations averaged across total walking bouts. 
It was anticipated that there would be a difference in accuracy, precision, and bias across 
slow, normal, and fast walking speeds based on wear location.  
Aim 3: Catalog and evaluate digital indices of accuracy, precision and bias of 
steps for children (6-12 years), adolescents (13-17 years) and adults (18-20 years) of 
wearable technologies across slow, normal, and fast walking speeds. 
H3: There will be no difference in accuracy, precision, or bias of steps across 
each of the age categories. 
Again, accuracy, precision, and bias catalogs of device performance in regards to 
specific age groups were created. Regression models with repeated measures for 
accuracy, precision, and bias were built for children (6-12 years), adolescents (13-17 
years), and young adults (18-20 years) at slow, normal, and fast walking speeds. The 
group means were averaged across all wearable technologies for children, adolescents, 
and young adults and reported respective to each bout. Again, six models were built for 
MAPE and PE (two validity parameters x three speed categories) to facilitate direct 
comparison of the accuracy and precision between each of the three age groups, 
represented as the model factors, across the three categories of speed. For correlation 
coefficients, one model was built comparing age group specific correlations averaged 
across total walking bouts. To be clear, it was predicted that there would be no difference 






4.1 Participant characteristics  
 
The analytic sample consisted of 121 participants (49.6% female, age=13.0±4.2 
years). The mean (±SD) values for measured height, leg length and weight were 155.3 ± 
16.9 cm, 73.8 ± 9.7 cm and 55.8 ± 22.2 kg, respectively. The calculated BMI was 22.4 ± 
6.3 kg/m2. Race/ethnicity was comprised of 35.5% African-American, 62.0% Caucasian, 
and 2.5% Other. The details of these characteristics specific to children (n=56), 
adolescents (n=41) and young adults (n=24) are presented in Table 2.  
As described in the Methods section, the number (n) of participants differed 
across bouts due to differential testing termination decisions. Additionally, due to 
occasional malfunction of the different technologies used, step-based data were only 
available for 117 people for at least one bout. Further, as speed increased, the number of 
participants completing each successive bout decreased from a high of 117 participants 
(who completed the initial 13.4 m·min-1 bout) to a low of 16 participants (who completed 
the final possible 134.1 m·min-1 bout). Of note, no children (i.e., those 6-12 years of age) 
completed the final possible bout of walking at 134.1 m·min-1. The full accounting of 
participant numbers for each walking bout are detailed in Table 3, and further described 
by age group in Tables 4-6 
4.2 Accuracy: MAPE 
 
4.2.1 MAPE by speed 
 
With respect to Aim 1, the MAPE±SD (with corresponding CoV values) for each 
of the wearable technologies tested across the speed range for the total sample and by 
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children, adolescent, and young adult age categories are detailed in Tables 3-6, 
respectively. Additionally, the MAPE and SD across the full range of speeds are 
presented visually in Figures 1 and 2.  The MAPE values across all wearable 
technologies ranged between 98.7%±1.5% (Sensewear at 13.4 m·min-1) to 1.1%±1.8% 
(Actical at 93.9 m·min-1). Those worn at the arm/wrist displayed greater MAPE than 
those worn at the waist, thigh, or ankle across all speeds, with differences ranging 
between 79.3% to 47.2% error. Additionally, on average, the MAPE was greatest across 
the slow walking speeds (50.1±35.5%), compared to normal (15.9±21.7%) and fast 
(18.9±22.2%) walking speeds.  
For the inferential analyses respective to Aim 1, the regression models built for 
each of the eight tested wearable technologies indicated that there was a significant effect 
of speed (p<0.0001) on MAPE values. The details of this are illustrated in Figure 18. 
Further, this figure illustrates that the significance is driven by improvements in MAPE 
during slower speeds (13.4 m·min-1 to 53.6 m·min-1). This is evident from the overall 
reduction in MAPE and lack of overlap of the 95% CI relevant to the mean MAPE values 
across these speeds. For example, MAPE values were significantly greater at 13.4 m·min-
1 than they were at 26.8 m·min-1 for seven of the eight (87.5%) tested wearable 
technologies, with differences between contiguous bouts ranging from a 50.6% difference 
(ActivPAL) to a 1.9% difference (Sensewear; the only non-significant difference) 
indicating significantly more accurate performance at the faster speed. However, across 
the normal and fast walking speeds (67.0-134.1 m·min-1), MAPE values leveled out, as 
there were only four instances (of 40 total cases; 10%) of significant differences evident 
between contiguous bouts across the tested wearable technologies. 
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4.2.2 MAPE by wear location 
 
   With respect to Aim 2, MAPE relative to wear location (presented in Table 12) 
ranged from a high of 93.8% (arm/wrist at 13.4 m·min-1) to a low of 2.6% (waist at 120.7 
and 134 m·min-1). MAPE values ranged across the four wear locations (respective to each 
speed) from 79.3% to 47.2%. Consistently across each speed, the arm/wrist worn 
technologies displayed the largest MAPE values. The SD for these wear location-
respective MAPE values ranged from a high of ±37.1% (observed at the arm/wrist at 67.0 
m·min-1) to a low of ±6.1% (observed at the waist at 134.1 m·min-1). 
The regression models built specific to Aim 2 indicated that wear location had a 
significant effect on the MAPE values associated with measuring steps (p<0.0001) across 
slow, normal, and fast walking speeds. MAPE values ranged from 75.8% (arm/wrist) to 
6.7% (ankle) at slow walking speeds. At normal walking speeds, MAPE values ranged 
from 51.6% (arm/wrist) to 4.1% (thigh). At fast walking speeds, the MAPE values ranged 
from 54.6% (arm/wrist) to 2.8% (hip). Significant differences between MAPE values 
across wear locations at slow, normal, and fast walking speeds were evident from 
interpreting overlap of associated 95% CIs. More specifically, at slow walking speeds, 
none of the 95% CIs for MAPE values associated with each of the wear locations 
overlapped, confirming the statistically significant differences in these indicators of 
accuracy. At normal walking speeds, however, the 95% CIs for the MAPE values 
generated for the hip, thigh, and ankle wear locations did overlap, indicating that they 
were not significantly different from each other. At these same normal walking speeds, 
the 95% CIs for MAPE values for the arm/wrist wear location did not overlap, indicating 
that this accuracy indicator was significantly different. Lastly, at fast walking speeds, 
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none of the 95% CIs for the MAPE values associated with each of the wear locations 
overlapped, again indicating significant differences between wear locations. These details 
are further illustrated in Figure 21. 
4.2.3 MAPE by age group  
 
With respect to Aim 3, the MAPE values respective to each age group are 
reported in Table 13. These specific MAPE values ranged from 81.2% (adolescents at 
13.4 m·min-1) to 14.4% (young adults at 93.9 m·min-1). The difference in group mean 
values was never greater than 8% (ranging between bouts from 7.9-1.1%). Further, the 
SD ranged from ±37.7% (adolescents at 26.8 m·min-1) to ±25.1% (adolescents at 134.1 
m·min-1).  
The regression models built specific to Aim 3 indicated that age did not appear to 
have a significant effect on the step counting accuracy of wearable technologies at slow, 
normal, or fast walking speeds (p=0.21-0.50). MAPE values ranged from 51.4% 
(adolescents) to 49.8% (young adults) at slow walking speeds. During normal walking, 
MAPE values ranged from 16.9% (children) to 15.1% (young adults). And lastly, the 
MAPE values ranged from 24.1% (children) to 17.7% (young adults) at fast walking. 
None of the 95% CIs for the MAPE values associated with the three age groups 
overlapped, indicating that there were no age-associated significant differences. These 
details are further illustrated in Figure 24. 
4.3 Precision: Correlation 
 
4.3.1 Correlation by speed 
 
In regards to Aim 1, the correlation coefficients (r) depicting the strength of the 
linear relationship between directly observed steps and steps measured from wearable 
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technologies are reported in Table 7. Overall correlation coefficients, as well as 
correlation coefficients for slow, normal, and fast walking speeds are reported for each 
wearable technology. Further, the strength of the relationship for each wearable 
technology is depicted in Figure 9. Overall correlation coefficients ranged from r=0.90 
(NL-1000) to r=0.39 (Sensewear). Six of the eight tested wearable technologies (75%) 
had overall correlation coefficients of r>0.80. In further detail, at slow walking speeds, 
correlation coefficients ranged from r=0.88 (StepWatch) to r=0.31 (Sensewear). At 
normal walking speeds, correlation coefficients ranged between r=0.96 (Actical) to 
r=0.05 (ActiGraph wrist), where five of the eight technologies (62.5%) actually had a 
weaker correlation with directly observed steps during normal walking speeds than 
during slow walking, with reductions ranging from r=-0.60 (ActiGraph wrist) to r=-0.04 
(SW-200). Of the three wearable technologies that exhibited improved correlation during 
normal walking, improvements ranged from +0.26 (Actical) to +0.06 (ActiGraph waist). 
Lastly, at fast walking speeds, correlations ranged from r=0.94 (SW-200) to r=-0.24 
(StepWatch). This negative correlation indicates that as the number of directly observed 
steps increased, the number of steps detected from the wearable technology (i.e. 
StepWatch) decreased. From normal to fast walking, there were decreased correlation 
values with directly observed steps for six of the eight (75%) tested wearable 
technologies. These changes ranged from r=-0.7 (StepWatch) to r=-0.08 (Actical). 
Improvements were +0.27 and +0.08, respectively, for the two wearable technologies 
(SW-200 and NL-1000) that exhibited improved correlation from normal to fast walking.  
The regression modeling respective to Aim 1 indicated that speed did not have an 
effect (p=0.24) on the correlation of wearable technology-derived steps to directly 
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observed steps. The mean correlation coefficients for slow, normal, and fast walking, 
across wearable technologies were r=0.68, 0.54, and 0.37, respectively. Due to the 
smaller sample size, and the reduced power of the correlation regression models, the 95% 
CIs built around these speed-based group means were relatively wide. This led to an 
overlap of 95% CIs, indicating that while correlation coefficients were qualitatively 
different across speeds (r=0.68, 0.54, and 0.37 at slow, normal, and fast walking), there 
were no significant correlation differences across wearable technologies between speed 
groups. These details are depicted in Figure 19. 
4.3.2 Correlation by wear location 
 
Respective to Aim 2, correlation coefficients of step counts respective to wrist 
(r=0.66 for ActiGraph wrist) and arm (r=0.39 for Sensewear) worn technologies 
displayed the weakest correlations for any of the tested wear locations. Respective to 
waist worn technologies, correlation coefficients ranged from r=0.90 (NL-1000) to 
r=0.86 (ActiGraph waist), which was the highest of any of the wear locations. The thigh 
worn technology (ActivPAL) had a correlation coefficient of r=0.86, and the ankle worn 
technology (StepWatch) had a correlation coefficient of r=0.82. Group mean correlation 
coefficients respective to each wear location are presented in Table 12.  
The regression modeling respective to Aim 2 indicated that wear location did not 
have a significant effect (p=0.056) on the correlation between directly observed steps and 
those measured by the tested wearable technologies. These details are further illustrated 
in Figure 22. Correlation coefficients of the arm/wrist, waist, thigh, and ankle-worn 
technologies were r=0.53, 0.89, 0.86, and 0.82, respectively. The only significant 
difference between locations was the waist and arm/wrist. There was no overlap apparent 
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between waist (1.00-0.74) and arm/wrist (0.72-0.34) worn technologies indicating 
significant differences in technology precision between these specific wear locations. 
However, there is consistent overlap of the 95% CIs group means when comparing all 
other wear locations, which is indicative of no significant differences.  
4.3.3 Correlation by age group 
 
Lastly, addressing Aim 3, correlation coefficients respective to age group are 
detailed in Table 13. Correlation coefficients for children ranged between r=0.89 (NL-
1000) and r=0.38 (Sensewear). For adolescents, correlation coefficients ranged from 
r=0.94 (SW-200) to r=0.40 (Sensewear). For young adults, correlation coefficients 
ranged from r=0.95 (SW-200) to r=0.43 (Sensewear). Differences in correlation 
coefficients specific to each tested wearable technology and respective to each age group 
ranged from a 0.15 difference (ActivPAL) between adolescents and young adults to a 
0.03 difference (ActiGraph wrist) between adolescents and young adults.  
The regression models respective to Aim 3 indicated that age group did not have a 
significant effect (p=0.84) on the correlation coefficients comparing wearable technology 
derived steps and directly observed steps. The details of this comparison are illustrated in 
Figure 25. Overall correlation coefficients for children, adolescents, and young adults 
were r=0.77, 0.81, and 0.82, respectively. Further, the 95% CIs surrounding the group 
means consistently overlapped, indicating no significant differences in wearable 
technology precision between age groups.  
4.4 Bias: PE 
 




Respective to Aim 1, PE±SD (with corresponding CoV values) for each of the 
wearable technologies tested across the speed range for the total sample, children, 
adolescents, and young adults are cataloged in Tables 8-11 and illustrated in Figures 10-
17. PE values ranged from -98.7% (waist worn ActiGraph at 13.4 m·min-1) to 2.0% 
(Actical at 134.1 m·min-1). The PE was greater for arm/wrist-worn technologies 
compared to those worn at the waist, thigh or ankle, with differences ranging between -
83.0% and -48.6%. Further, PE was greatest at slow walking speeds (-49.3±36.3%) 
compared to normal (-15.0±22.2%) and fast (-16.9±23.0%) walking speeds. The tested 
wearable technologies consistently undercounted steps taken, apparent from negative PE 
values in 90% of cases (72 bouts out of the 80 total bouts measured).  
Regression modeling specific to Aim 1 indicated that speed had a significant 
effect (p<0.0001) on PE values across all wearable technologies. This was primarily 
driven by significant improvements in PE evident between bouts at slow walking speeds. 
These details are illustrated in Figure 20, where significant reductions in PE occurred at 
slower walking speeds, but then leveled out during normal and fast walking. For 
example, PE values for 87.5% (7/8) of the tested wearable technologies were 
significantly different between speeds of 13.4 1 m·min-1 to 26.8 1 m·min-1, where the 
associated 95% CIs between bouts did not overlap. However, during normal and fast 
walking speeds, 97.5% (78/80) of cases did not show significant differences (i.e., the 
95% Cis did overlap) between contiguous bout speeds.     
4.4.2 PE by wear location 
 
The overall PE values according to wear location (Aim 2) are cataloged in Table 
12. PE values ranged from -93.8% (arm/wrist at 13.4 m·min-1) to 2.6% (waist at 134.1 
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m·min-1). Further, the least amount of bias was apparent from a PE value of -0.6% PE for 
the ankle at 26.8 m·min-1. The difference in PE relative to the different wear locations 
ranged from -83.0% to -48.6%. The greatest PE was associated with the arm/wrist wear 
location at all speeds, averaging -61.3±15.5% error, whereas PE values from the waist, 
thigh, and ankle were -13.5±23.1%. SD values associated with these PE ranged from 
±6.6% (waist at 134.1 m·min-1) to ±37.3% (arm/wrist at 80.5 m·min-1).  
Regression modeling specific to wear location, indicated that there was a 
significant effect of wear location on PE values during slow, normal, and fast walking 
speeds (p<0.0001). PE ranged from -55.9% (arm/wrist) to -4.6% (ankle) at slow walking 
speeds. At normal walking speeds, PE ranged from -51.4% (arm/wrist) to -2.7% (thigh). 
Lastly, at fast walking speeds, PE ranged from -54.2% (arm/wrist) to -0.7% (waist). The 
regression model built respective to this aim indicated that there were significant 
differences in PE across all four wear locations at slow and fast walking speeds, evident 
from no overlap of the 95% CIs for any of the wear locations. However, at normal 
walking speeds, there were no significant differences (i.e., there was an overlap of 95% 
CIs) in PE between waist, thigh, and ankle worn technologies, whereas the arm/wrist was 
significantly different (no overlap) from the others in terms of PE. These details are 
further illustrated in Figure 23. 
4.4.3 PE by age group 
 
With respect to Aim 3, PE for each age group are cataloged in Table 13. Group 
mean values ranged from -80.9% (adolescents at 13.4 m·min-1) to -13.5% (adolescents at 
93.9 m·min-1). The difference in group means for each bout ranged from -7.1% to -0.3% 
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between age groups. Additionally, the SD ranged from ±40.0% (young adults at 26.8 
m·min-1) to ±25.8% (adolescents at 134.1 m·min-1). 
 
The regression modeling specific to Aim 3 indicated that age did not have a 
significant effect on of the tested wearable technologies’ PE values at slow, normal, or 
fast walking speeds (p=0.21-0.50). PE ranged from -50.5% (adolescents) to -48.8% 
(young adults) at slow walking speeds. During normal walking, PE ranged from -15.8% 
(children) to -14.2% (young adults). And lastly, the PE values ranged from -22.4% 
(children) to -15.7% (young adults) at fast walking speeds. The regression models 
produced 95% CIs associated with PE that consistently overlapped for children, 
adolescents, and young adults across walking speeds. This was a clear indication that 
there were no age-associated significant differences in PE across speeds. The details of 







The results of this secondary analysis enhance the field by providing a highly 
detailed and standardized digital (numeric; quantitatively defined) catalog of validation 
parameters (accuracy, precision, and bias) based upon 117 children, adolescents, and 
young adults (6-20 years of age), which is larger than any previously published validation 
study evaluating step counting wearable technology and conducted with youth. Further, 
these participants wore multiple wearable technologies attached at different wear 
locations and were tested across treadmill speeds ranging from 13.4 to 134.1 m·min-1 
which is a broader speed range than any other protocol identified in the literature review 
(Chapter 2). This digital catalog can be used by researchers to gain an understanding of 
expected wearable technology performance for capturing steps when designing future PA 
studies for youth. For example, when planning PA surveillance or interventions for 
youth, this catalog can be used by researchers to support decisions regarding selection of 
wearable technologies in terms of preferred validity attributes. Further, this catalog can 
be used for reference values for device manufacturers and researchers to compare 
performance of past, current, and future wearable technologies. For example, device 
manufacturers now have a set of validity parameters that can be referenced to support 
development of new technologies in an effort to assure standardized measurement 
performance. Further, if researchers seek to analyze previously collected walking 
behavior data captured via one of the wearable technologies included as part of this 
analysis, they will be able to confidently interpret results by referencing its accuracy, 
precision, and bias values as cataloged herein. The assembly of this catalog is an 
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imperative first step in the effort to harmonize the validation of step-counting wearable 
technology, and provides a framework for standardized analysis and presentation of 
validation metrics moving forward. For example, future validation studies should seek to 
include comprehensive walking speeds, as well as associated validity metrics, to ensure 
comparable rigorous evaluation as new wearable technologies are developed. This 
analysis also provides insight into which factors do (speed and wear location) and do not 
(age) affect these validity metrics.  
5.1 Effect of speed: 
 
It was clear that speed had a significant effect on accuracy and bias indicators 
associated with the tested step-counting wearable technologies. Specifically, the 
calculated alpha values for accuracy and bias were both p<0.001. That said, the effect of 
speed on accuracy and bias was primarily driven by greater error evident at slower 
speeds, with considerable improvements (MAPE: 34.2%, PE: 34.4%) apparent during 
normal walking speeds. Further, although not restricted to youth samples, Bassett et al.22 
suggested that wearable technologies only record 50-75% (50-25% MAPE) of the actual 
number of steps taken at walking speeds ≤26.8 m·min-1. The data included herein showed 
comparable performance to this suggestion, apparent from the finding that group mean 
values across wearable technologies at speeds ≤26.8 m·min-1 missed only 30.5% of actual 
steps taken (within the 50-25% MAPE). However, there were no significant differences 
in accuracy or bias values for any of the tested wearable technologies across increasing 
speeds during normal and fast walking.  
  Less force is generated during each step taken at slower walking speeds. 
Manufacturers of wearable technologies must make decisions about the trade-off between 
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sensitivity and specificity of measurement to avoid misinterpreting signal noise as a true 
step, which may influence the accuracy and bias of wearable technology performance. In 
turn, low force accelerations that are true steps associated with very slow walking may be 
miscategorized.60 During normal and faster walking speeds, there are greater forces 
generated with each step, resulting in > 0.35 Gs of force, a sensitivity threshold suggested 
by some device manufacturers for detecting steps.51 This trend of improved MAPE and 
PE values with increased speed (≥ 67.0 m·min-1) is consistent with previous literature.40, 
45, 55-59 For example, Trapp et al.58 reported improving MAPE from slow (40m·min-1) to 
fast (91 m·min-1) walking for the Accusplit (from 46.9% to .6%) and the Yamax SW-200 
(from 44.1% to 8.9%) pedometers. 
Although accuracy and bias were influenced by speed, precision indicators (i.e., 
correlation coefficients) were not similarly affected (p=0.24). A methodological 
explanation for why there is a significant effect on accuracy and bias, but not precision, is 
the apparent difference in power in the regression analyses. For example, the regression 
models’ correlation coefficients were averaged across the eight wearable technologies for 
each of the speeds represented within the broader categories of slow, normal, and fast 
walking. This situation created only 32 data points averaged for slow and normal walking 
(eight wearable technologies by four speeds) and 16 data points averaged for fast walking 
(eight wearable technologies by two speed). In contrast, there were more data points at 
slow (n=3696), normal (n=3104), and fast (n=552), and therefore has greater power for 
the MAPE and PE regression models, as values are averaged across the total sample (8 
technologies by number of walking bouts respective to each speed). This decrease in 
power related to precision analyses also increased the width of the associated 95% CIs, 
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which in turn increased the likelihood of apparent overlap between speed groups, an 
indication of no significant differences. Further, there was a decrease in correlation 
apparent with increased speed. In order for correlation coefficients to be meaningful, 
there needs to be a wide range of values for comparison. For example, at slow walking 
speeds, there was a greater range of values of steps taken by participants, which would 
produce a more meaningful correlation when comparing to wearable technology 
measured steps. However, as speeds increased during normal and fast walking speeds, the 
range of steps taken narrowed. This narrowed range of steps taken produced correlation 
coefficients that could be misleading. Even though the correlation coefficient was 
reduced at normal and fast walking, the reduction was likely an artifact of the limited 
range of steps taken at those speeds. 
5.2 Effect of wear location: 
 
 Wear location also had a significant effect on the accuracy and bias (p<0.0001) of 
wearable technologies step count measures. Consistently, wearable technologies worn at 
the arm/wrist performed significantly worse than those worn on the waist, thigh, or ankle 
in terms of accuracy and bias indicators. Specifically, when comparing arm/wrist worn 
technologies to those worn at the waist, thigh, and ankle, differences in MAPE and PE 
values between ranged from 79.3% to 47.2% and -83.0% to -48.6%, respectively. During 
normal walking speeds, waist, thigh, and ankle-worn technologies were all comparable, 
and within 5% error for both MAPE and PE values. This level of performance fell well 
within the 10% MAPE error recommended by the CTA standard,44 with none of the three 
wear locations (waist, thigh, and ankle) displaying a significant advantage over the 
others. Valid step counting requires that wearable technologies be most sensitive to 
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accelerations and gravitational forces occurring with each step taken during ambulation. 
For example, technologies worn at the ankle and thigh undergo greater displacement 
during ambulation due to their proximity to the foot. Specifically, Sandroff et al.53 
reported a 0.03% MAPE at 26.8 m·min-1 for the Step Watch in adults with Multiple 
Sclerosis. Although the accuracy of the Step Watch was worse (MAPE=4.4%) at the 
same speed for the sample herein, the Step Watch was the still the most accurate 
wearable technology tested at this speed. Technologies worn at the waist reflect the 
sinusoidal movements of the center of mass during ambulation. Waist worn technologies 
analyzed herein ranged from 5.9 to 2.7% MAPE during normal walking, below the 10% 
threshold for acceptable performance. These wear locations of the waist, thigh, and ankle 
produced superior step counting estimates when compared to arm/wrist wear locations.  
Acceleration/force signals at the arms or wrist are not sufficient (low or slow) to 
be effectively detected consistently. For example, during slow walking, individuals may 
not move their arms as much. Although youth samples were not exclusively examined, 
Tudor-Locke et al.54 provided a similar explanation of such step counting differences 
between waist and wrist worn technologies during treadmill walking. In that 2015 study, 
wrist worn technologies produced outputs that were significantly different from directly 
observed steps at treadmill speeds ranging from 13.4 to 187.8 m·min-1, where waist worn 
technologies displayed no significant differences at speeds >53.6 m·min-1. Chen et al.24 
suggested that wrist worn technologies produced by a variety of different manufacturers 
displayed a range of 9.6 to 1.5% MAPE for detecting steps when compared to direct 
observation during treadmill walking from 54 to 134 m·min-1. Again, although the results 
reported here are restricted to youth population, the best level of accuracy (MAPE) of the 
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two arm/wrist worn technologies was 47.1% (ActiGraph at the wrist from13.4 to 134 
m·min-1).  
Where direct comparison from the literature review (Chapter 2) was possible (i.e. 
replicative wearable technologies, wear locations, and/or reported validity metrics) the 
associated accuracy and bias values calculated were consistent. For example, Aminian et 
al.61 reported MAPE values for the SW-200 and ActivPAL in youth at speeds of 67.0, 
93.9, and 134.1 m·min-1. The associated speed-based MAPE values determined from 
Aminian et al.61 were 3.9%, 1.3% and 2.1% (SW-200) and 0.0%, 8.0%, 25.0% 
(ActivPAL), respectively. At the same speeds, results reported herein for the SW-200 
were comparable at 6.5±12.7%, 2.5±10.4%, and 1.9±4.7% at the increasing speeds, 
respectively. Further, analysis herein showed that the ActivPAL had comparable MAPE 
values at 3.2±8.9%, 3.7±9.9% but displayed a lower MAPE of 11±24.7% at 67.0, 93.9 
and 134.1 m·min-1. The MAPE values reported from Aminian et al.61 are comparable in 
the sense that all values fall within one SD value calculated for the MAPE value for both 
technologies herein.  
 At fast walking speeds, accuracy and bias appeared to worsen for the arm/wrist, 
thigh, and ankle worn technologies, while that for the waist worn technologies improved. 
All four of the arm/wrist, thigh, and ankle worn technologies displayed increased MAPE 
(range= 21.0% to 3.0% change) and PE (range= -18.0% to -3.0% change) values, and 
decreased correlation coefficients (range= -0.70 to -0.03 change) from normal to fast 
walking, indicating decreased performance at higher speeds. This trend was inconsistent 
with that reported in three previous studies49,61,62 that included speeds ≥120.7 m·min-1. Of 
the four waist worn technologies included as part of these earlier studies,49,61,62 two 
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technologies displayed increasing error ranging from 0.8% to 0.7% between normal to 
fast walking speeds, while two showed decreasing error between 7.5% and 0.2%. It is 
obviously difficult to solely attribute performance to wear location as there is apparent 
inconsistency in performance between different brands/models of technologies more 
specifically. For example, one of the studies listed above, Dueker et al.,49 utilized the 
SportBrain iStep X1 and Digiwalker SW-701, neither of which were included as part of 
the analysis herein. Therefore, while the PE values of the SportBrain iStep X1 and 
Digiwalker SW-701 at 134.1 m·min-1 (-3.9% and -4.3%, respectively) are comparable to 
the PE values of the four waist worn technologies included (2.0±4.6%[Actical] to -
0.3±10.6% [ActiGraph]). The PE values of the SportBrain iStep X1 and Digiwalker SW-
701 are within 1 SD of the waist worn technologies analyzed herein.  
Another clear finding was that there was no effect of wear location on precision 
measures (correlation coefficients), which is inconsistent with the effect of wear location 
on accuracy and bias. Again, this inconsistency of significance across validity metrics is 
due to reduced power in the regression models. The details of this divergence in power in 
regression models respective to each validity metric are described above with the effect 
of speed on precision compared to the effect of speed on accuracy or bias. Further, there 
were only two technologies worn at the arm/wrist, one at the thigh, and one at the ankle. 
This further reduces the amount of data points included in regression models for 
correlation coefficients, and in turn produces wider 95% CIs. Wider 95% CIs increases 
the likelihood of overlap, which would indicate no significant differences.  
Future studies should continue to explore the effect of wear location on 
technology performance, and include more wearable technologies at each location to 
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further analyze the effect of location, and not merely the effect of the technology. For 
example, with only one wearable technology included at the thigh and the ankle, it is 
difficult to parse out the discrepancies in step detection error that was due to the location, 
rather than due more directly to the technology itself.  
5.3 Effect of age: 
 
No previous studies have directly analyzed the effect of age on performance of 
wearable technologies so this is a landmark study. Despite the comprehensive age span 
and associated developmental stage represented in the original data sample, there was no 
apparent effect of age on the step counting ability of the tested wearable technologies at 
slow, normal, or fast walking (p=0.21 to 0.50). As discussed in the Results section, 
MAPE and PE values never differed more than 8% between age groups, and respective to 
correlation coefficients, values never differed more than r=0.06. In turn, the 95% CIs for 
all three age groups overlapped at slow, normal, and fast walking speeds, indicating no 
significant differences due to age. One explanation for this is that beyond six years of 
age, there are no notable differences in walking patterns compared to those associated 
with adults.63 PA studies and interventions designed to capture steps in youth do not need 
to consider age groups for optimizing measurement methods. However, since postural 
and locomotor control may differ in very young children63 future studies should seek to 
include populations below the ages of six years to extend this catalog of validity 
parameters associated with various wearable technologies.  
5.4 Validity metrics 
 
 In determining wearable technology performance, accuracy and bias measures 
give direct indication of wearable technology error. MAPE and PE are scaled measures 
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(%) and defined by the amount of error determined relative to directly observed steps. 
These metrics provide useful detail regarding the magnitude and direction of the error, 
and are more informative than precision measures relative to understanding performance 
of step-counting wearable technologies. Correlation coefficients (indicative of precision) 
are not as telling as accuracy and bias measures, as correlation coefficients are unitless 
values that indicate the strength of the linear relationship between wearable technology 
measured and directly observed steps. The strength of the linear relationship is not 
representative of the magnitude of error in respect to directly observed steps. To be clear, 
a wearable technology could consistently (i.e., precisely) undercount the same amount of 
steps respective to directly observed steps, and therefore, display a high correlation 
coefficient, despite consistent error (more apparent from inexact MAPE and PE values). 
Further, correlation coefficients require a wide range of steps taken in order to provide 
meaningful data. As described above, when broken down into groups for each respective 
aim (by speed, wear location, and age), the power is limited and therefore is not as 
informative about relative performance of a wearable technology. In contrast, MAPE and 
PE provide a more definitive depiction of device performance in regard to directly 
observed steps, by clear and more easily comparable magnitude and/or direction of error.  
5.5 Rank order 
 
 As noted above, MAPE and PE are the most informative validity metrics useful 
for attempting to rank order wearable technology performance in regards to directly 
observed steps. Assessing the degree and direction of error, as opposed to the consistency 
(i.e. precision) of technology measurements, is more useful when assessing which 
technology is superior. Specifically, CTA44 standards recommend MAPE be used as the 
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metric of choice for evaluating technology performance over the range of normal walking 
speeds. While the <10% MAPE recommendation reported from the CTA44 is not clearly 
based on data, the reference values produced herein can actually provide such data to 
inform more evidence-based thresholds. Five of the tested wearable technologies actually 
performed at <5% MAPE over the range of walking speeds.  
 With that being said, researchers should anticipate and consider the population of 
interest when selecting appropriate wearable technologies.  For example, if the 
population of interest typically walks at slow walking speeds, the best technology for 
slow walking is different than it is for normal or fast walking. More specifically, at slow 
walking, the rank order of best technologies in descending order based on MAPE values 
is: StepWatch (6.6%), ActivPAL (19.4%), Actical (46.0%), SW-200 (49.0%), NL-1000 
(55.0%), ActiGraph at the wrist (61.8%), ActiGraph at the waist (73.8%), and Sensewear 
(89.2%). While the CTA44 recommended threshold of 10% is intended for normal 
walking speeds (67.0 to 107.2 m·min-1) one technology (StepWatch) fell below this 
threshold for acceptable error requirement for validation during slow walking speeds. 
Further, this rank order for slow walking speeds is the same for PE, where the respective 
values were StepWatch (-4.5%), ActivPAL (-17.8%), Actical (-45.3%), SW-200 (-
48.6%), NL-1000 (-53.9%), ActiGraph at the wrist (-61.8%), ActiGraph at the waist (-
73.7%), and Sensewear (-89.1%). No specific recommendation for wearable technology 
performance thresholds respective to PE exist, so these assembled reference values are 
informative. However, if researchers anticipate that their population of interest typically 
walk at normal speeds, the rank order of best technologies for capturing steps changes. 
Under normal walking speeds, the descending rank order of technologies based on 
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MAPE values was: Actical (1.4%), NL-1000 (2.9%), SW-200 (4.0%), ActivPAL (4.1%), 
StepWatch (4.7%), ActiGraph at the waist (7.4%), ActiGraph at the wrist (40.6%), and 
the Sensewear (62.3%). Here, six of the eight technologies met the CTA44 recommended 
threshold for acceptable technology error, while the two worn at the arm/wrist were 
>10% (ActiGraph at the wrist, and the arm-worn Sensewear). Five (with the exception of 
the ActiGraph at the waist) actually performed at a more rigorous level of <5% MAPE 
across this normal speed range. Again, this order at normal walking speeds did not 
change with respect to PE, where the rank order with corresponding PE values was: 
Actical (0.0%), NL-1000 (-2.0%), SW-200 (-2.2%), ActivPAL (-2.6%), StepWatch (-
3.5%), ActiGraph at the waist (-6.8%), ActiGraph at the wrist (-40.6%), and the 
Sensewear (-62.0%). Lastly, if a researcher is interested in investigating fast walking, 
again the rank order of technologies changes compared to slow or normal speeds. In 
regards to MAPE, the rank order at fast walking speeds was: SW-200 (1.6%), NL-1000 
(1.7%), Actical (2.2%), ActiGraph at the waist (5.0%), ActivPAL (10.5%), StepWatch 
(22.1%), ActiGraph at the wrist (47.9%), and Sensewear (60.2%). The four technologies 
that met the < 10% recommended threshold, were the four waist worn technologies. The 
rank order did change slightly with respect to PE, where the NL-1000 displayed the least 
amount of error (0.5%) followed by the SW-200 (1.0%). This difference is due to the 
aggregation of over and underestimation when calculating bias. For example, if the 
Actical overestimates steps by 5% for one participant, but undercounts steps by 5% for 
another participant, the aggregated PE would be 0.0%.  
 The increased error apparent for StepWatch step detection at higher speeds was 
not expected. This increased error at higher walking speeds, however, could be explained 
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in part by the fact that, as part of the set protocol, the StepWatch was programmed (i.e. 
initialized; calibrated) using the default settings that combine cadence and sensitivity 
settings to optimize step detection during normal walking (capturing 98% to 100% of all 
steps taken from 27 to 107 m·min-1).64 However, with these default settings and at faster 
walking speeds, steps may be taken so frequently that when a single step is recorded 
subsequent steps may occur too quickly to also be recorded.64 The results reported herein 
for the StepWatch error at the fastest walking speeds of 134.1 m·min-1 using the default 
cadence and sensitivity settings is comparable to that reported by Toth et al.64 As part of 
their protocol,  the StepWatch recorded an MAPE of 24.5% of steps at 134.1 m·min-1, 
comparable to the 23.5% MAPE reported herein. Although the StepWatch is know to be 
sensitive for recording steps using the default settings at slow and normal walking, if the 
population and/or circumstance of interest is known entail faster walking speeds, 




 There are a number of strengths of this secondary analysis that tie back to the 
original data source. First, the methods of the original study used direct observation and 
video back up recordings to ensure an accurate criterion measure was used. This is 
consistent with the CTA recommendations for creating performance criteria data for step 
counting wearable technologies.44 Secondly, the original protocol covered a broad range 
of walking speeds from 13.4 m·min-1 to 134.1 m·min-1. This comprehensive coverage of 
walking speeds extends beyond the data derived from previous studies that used a 
narrower range of walking speeds. For example, Rosenkranz and Rosenkranz62  used a 
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protocol that only studied four speeds ranging between 40.2 m·min-1 to 161 m·min-1. The 
broader and greater number of tested speeds afforded by the original study supplying the 
current analyses provided an opportunity to evaluate the effects of speed on accuracy, 
bias, and precision, and the incremental changes as speed increased. To be clear, this 
secondary analysis was not intended to recommend an optimal treadmill protocol for 
evaluating wearable technologies. However, the finer resolution of the incremental 
changes in treadmill speed offered by the original protocol allowed for enhanced 
inspection of more gradual performance changes of the tested wearable technologies 
across increasing speeds. This comprehensive view of accuracy, precision, and bias 
allows researchers to have a broader, more robust understanding of wearable technology 
performance, beyond just a single metric. Again, this is the first study in a young 
population to report all three metrics. Further, the study allowed for extensive collection 
of wearable technologies, representing diverse wear locations. Additionally, the use of a 
level treadmill with set speeds allowed for a standardized assessment at the specified 
walking speeds. Finally, the dataset used for this study included a large sample size 
(n=117), evenly distributed by age year, allowing for a robust evaluation of the potential 
effects of age on the three validity parameters (there were none).  
5.7 Limitations: 
 
 While the analyses identified knowledge gaps in our understanding of validity of 
step-counting wearable technologies, there are several limitations that must be 
acknowledged. First, this secondary analysis included the evaluation of only eight step 
counting wearable technologies. While this was a more extensive array of technologies 
than evaluated in previously published validation studies,43, 49,58-62 there are still many 
70 
 
other wearable technologies available that were not included in this original data set. 
Some of the originally tested wearable technologies are also now obsolete (e.g., 
Sensewear). Publication of these specific validity-related values are still important for 
users of data previously collected with such devices, however, and also to enable robust 
comparisons between different types of wearable technologies, past, present, and into the 
future. That said, validation parameters that are assembled herein will be generalizable to 
only the named wearable technologies. Additionally, there was only one wearable 
technology worn on the ankle, one on the thigh, and two on the arm/wrist in the original 
study. In contrast, there were four wearable technologies located on the waist. When 
grouping mean values based on wear location, those locations with multiple wearable 
technologies may be affected by averaging mean validity parameters, as compared to 
locations where only a single wearable technology was used. Future studies will be able 
to extend this assembled validity parameter catalog to add additional location-based data. 
Another limitation to this secondary analysis is that the size of the available analytical 
sample diminished as speed increased in the original study. To be very clear, based on the 
very broad age range of the sample (6-20 years of age) and the termination criteria set in 
place for the original treadmill protocol, not all participants completed every bout, and 
therefore at higher speeds there were fewer data points. Again, this may have affected the 
estimates of central tendency and distribution of the listed validation parameters as there 
were fewer raw data points available. This situation may mean that individual data points 
may have had a greater effect on the overall group mean, compared to speeds with a 
larger and more disperse sample of data points. Future studies may determine that it is 
necessary to recruit samples capable of continuing for the same number of walking and 
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running bouts. Another limitation was that not everyone ended the protocol with a 
complete running bout, and because the participants broadly ranged in age and stature, 
the exact speed when individuals walked vs. ran was variable. For that reason, only 
walking bouts were considered as part of this analysis. Future studies should extend these 
validity parameters to running by implementing protocols that will more consistently 
elicit a running bout, including specifically recruiting those capable of providing 
sufficient running data. Lastly, it is important to note that the step-based validation of 
these wearable technologies is not generalizable to the free-living condition. It has been 
shown that the step count parameters gathered from wearable technologies display 
greater error in a free-living setting compared to a highly controlled, laboratory-based 
setting (e.g., performed using a set treadmill protocol). The sporadic, and non-uniform 
patterns of children’s movement may further limit the generalizability of these step count 




CHAPTER 6.  
CONCLUSION 
In conclusion, the results reported and discussed herein are an important first step 
to harmonizing the validation efforts of wearable technologies’ step counting abilities. 
This effort provides comprehensive validity parameters for step counting wearable 
technologies observed during treadmill walking in young people 6-20 years of age. 
Further, it bridges the knowledge derived from fragmented validation efforts focused on 
adult populations by now extending to a large sample that included children, adolescent, 
and young adults. Cataloging expected validation parameters for step counting wearable 
technologies in young samples is important to inform and facilitate empirically-based 
reference values needed to evaluate accuracy, precision, and bias of new technologies.  It 
was clear that speed and wear location had a significant effect on the accuracy and bias of 
wearable technologies step counting ability, but not the precision.  However, age 
grouping does not influence wearable technology performance with regards to any of 
these three validity metrics. Future research should continue to rigorously validate new 
wearable technologies as they are developed, and also extend this standardized 
laboratory-based evaluation to the free-living environment.
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Table 1: Step counting treadmill validation studies among wearable technologies in youth 
Pedometer Studies 





Accuracy  Precision Bias 
Beets, Patton and 
Edwards 2004 
20 children (50% 
females), 5 to 11 
years  
2 min@ 40, 54, 











Only visualized in 
graph 
ICC WL:0.516 to 
0.992 
DW200: 0.727 to 
0.998 






Trapp et al. 2012 45 children 
(51.1% females), 
age 10.67 ± 0.77 
years 







AH120= 46.9 to 
8.6%  
SW-700= 44.1 to 
8.9% 
Not reported Bland- Altman 
Plots 
Ramírez-Marrero 
et al. 2002 
31 children 
(45.2% females) 7 
to 12 years  








Hip= 1 to 15% 
Midline= 2 to 5% 
Not reported Not reported 
Mitre et al. 2009 27 children 
(51.9% females) 8 
to 12 years  
5 min @ 13.4, 





Not reported Not reported PE: 
Omron HJ-105 
and DigiWalker 











aged 10 to 17 
years 






MAPE Not reported PE:  
iStep X1= -1.3 to 
-3.9% 
SW-701=  
-19.3 to -4.3% 
Aminian and 
Hinckson, 2012 
25 children (68% 
females) 9.9 ± 03 
years  
2 min @ 50, 66, 





Not reported Not reported PE: 
SW-200:  
-4% to 1% 
NL-2000: 






aged 7–11 years 
3 min @ 40.2, 




Not reported Not reported PE: -4% 





25 children (68% 
females) 9.9 ± 03 
years of age 
2 min @ 50, 66, 
93, 133 m·min-1 









aged 7–11years  
3 min @ 40.2, 





















Table 2: Participant characteristics 












Sex (M/F) 49.6% F 48.2% F 51.2% F 50.0% F 
Race/Ethnicity African-
American 
35.5% 39.3% 34.1% 29.2% 
Caucasian 62.0% 57.1% 63.4% 70.8% 
Other 2.5% 0.6% 2.5% 0.0% 
Age (years) 13.0 ± 4.2 9.1 ± 2.0 14.9 ± 1.4 19.0 ± 0.8 
Height (cm) 155.3 ± 16.9 141.4 ± 12.8 165.6 ± 8.7 170.0 ± 8.9 
Leg Length (cm) 73.8 ± 9.7 67.0 ± 8.3 79.4 ± 6.6 80.4 ± 5.4 
Weight (kg) 55.8 ± 22.2 40.9 ± 14.8 68.7 ± 21.9 68.4 ± 14.6 
BMI (kg/m2) 22.4 ± 6.3 20.0 ± 5.1 24.9 ± 7.1 23.7 ± 5.1 




Table 3: Accuracy: Mean absolute percent error (MAPE) of tested wearable technologies 






















































CoV 0.13 0.26 0.38 0.57 0.60 0.59 0.48 0.41 0.29 0.17 




















CoV 0.04 0.09 0.26 0.56 1.36 2.09 2.42 2.10 3.01 2.08 




















CoV 0.47 1.35 2.74 2.60 2.80 2.79 2.67 2.43 2.36 2.22 
Actical (Waist) MAPE±SD 94.9 ± 
10.5% 


















CoV 0.11 0.43 0.67 1.71 2.92 2.11 1.58 1.20 1.82 1.86 




















CoV 1.33 3.01 3.91 3.79 4.27 3.59 2.90 1.81 0.87 0.33 



















 ± 39.4 
CoV 0.02 0.06 0.26 0.47 0.64 0.71 0.73 0.73 0.69 0.66 




















CoV 0.15 0.41 0.77 1.14 1.95 3.92 4.13 3.78 1.18 2.42 
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CoV 0.11 0.27 0.58 0.90 2.48 3.59 3.18 1.57 1.99 2.67 
Notes: All MAPE values are presented as mean % ± SD %. CoVs are presented as percentages. N represents the number of 













Table 4: Accuracy: Mean absolute percent error (MAPE) of tested wearable technologies by speed for children (6-12 years) 




















































## ± ## 
CoV 0.13 0.23 0.29 0.44 0.49 0.51 0.40 0.29 0.08 # 


















## ± ## 
CoV 0.06 0.09 0.23 0.43 0.91 1.27 1.32 1.11 1.80 # 


















## ± ## 
CoV 0.46 1.26 2.91 2.58 2.96 2.78 2.67 1.48 1.34 # 


















## ± ## 
CoV 0.15 0.34 0.64 1.27 0.95 2.21 0.87 1.18 1.71 # 
StepWatch 
(Ankle) 


















## ± ## 
CoV 1.22 2.80 3.80 3.37 4.21 1.96 1.58 0.99 0.36 # 


















## ± ## 
CoV 0.02 0.08 0.24 0.44 0.62 0.69 0.67 0.66 0.35 # 
















1.7   ± 
1.4   
## ± ## 
CoV 0.20 0.48 0.84 1.45 2.23 2.42 3.81 3.58 0.82 # 
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## ± ## 
CoV 0.15 0.33 0.47 0.79 1.40 3.27 3.27 1.05 1.80 # 
Notes: All MAPE values are presented as mean % ± SD %. CoVs are presented as percentages. N represents the number of 
participants in the analytical sample, as not every participant completed every speed. No child completed the final bout of 134.1 


















Table 5: Accuracy: Mean absolute percent error (MAPE) of tested wearable technologies by speed for adolescents (13-17 
years) 






















































CoV 0.08 0.26 0.42 0.67 0.69 0.67 0.50 0.40 0.22 0.28 




















CoV 0.01 0.09 0.26 0.62 1.56 2.32 2.00 1.61 1.05 2.10 




















CoV 0.47 1.47 2.44 2.43 2.41 2.54 2.36 2.68 2.05 2.15 
















1.2± 0.7 0.9 ± 
0.6 
CoV 0.04 0.41 0.56 1.94 3.15 2.48 0.91 0.76 0.61 0.66 
StepWatch 
(Ankle) 




















CoV 1.20 1.02 1.50 1.91 1.86 1.19 0.87 2.25 0.75 0.46 




















CoV 0.01 0.06 0.25 0.44 0.56 0.67 0.74 0.71 0.73 0.81 






















CoV 0.08 0.36 0.63 0.82 1.39 1.37 1.08 1.66 1.27 0.48 




















CoV 0.03 0.22 0.63 0.86 1.73 1.92 2.47 1.71 1.03 1.03 
Notes: All MAPE values are presented as mean % ± SD %. CoVs are presented as percentages. N represents the number of 





Table 6: Accuracy: Mean absolute percent error (MAPE) of tested wearable technologies by speed for young adults (18-20 
years) 






















































CoV 0.12 0.32 0.50 0.70 0.73 0.61 0.59 0.55 0.43 0.06 




















CoV 0.02 0.08 0.32 0.72 1.86 2.48 2.61 2.75 3.13 1.71 




















CoV 0.49 1.23 1.63 1.62 1.54 0.98 1.81 1.51 0.66 2.17 




















CoV 0.04 0.67 0.97 1.65 1.62 1.38 1.75 1.26 1.25 1.68 
StepWatch 
(Ankle) 




















CoV 1.91 2.67 3.46 3.63 3.92 3.55 3.39 2.13 1.33 0.26 




















CoV 0.01 0.01 0.33 0.62 0.81 0.84 0.86 0.86 0.87 0.61 






















CoV 0.13 0.34 0.86 0.91 1.28 1.52 1.69 1.48 1.35 2.37 




















CoV 0.11 0.20 0.75 1.01 2.44 3.47 1.93 1.63 1.25 2.48 
Notes: All MAPE values are presented as mean % ± SD %. CoVs are presented as percentages. N represents the number of 





Table 7: Precision: Correlation coefficient (r) of the tested wearable technologies by speed  
 
 


































































0.90 0.73 0.81 0.89 
Notes: All correlation coefficients are presented as values to two decimal places. the total number of walking bouts for each 
technology.  N represents the number of participants in the analytical sample, as not every participant completed every speed. Values 
closer to 1.00 indicate stronger linear fit to directly observed steps. The total correlation coefficients represents strength of relationship 




Table 8: Bias: Percent error (PE) of the wearable technologies by speed 






















































CoV -0.1 -0.3 -0.4 -0.6 -0.6 -0.6 -0.5 -0.4 -0.3 -0.2 




















CoV 0.0 -0.1 -0.3 -0.6 -1.4 -2.5 -2.8 -2.4 -4.2 -31.5 




















CoV -0.5 -1.8 -5.7 -8.3 -5.1 -5.8 -5.0 -3.0 -2.8 -3.7 











































CoV -1.4 -22.2 -9.3 -11.1 -7.5 -9.8 -4.1 -2.0 -0.9 -0.3 




















CoV 0.0 -0.1 -0.3 -0.5 -0.6 -0.7 -0.7 -0.7 -0.7 -0.8 





















CoV -0.2 -0.4 -0.8 -1.3 -2.7 -5.3 -12.7 -15.2 8.4 2.6 




















CoV -0.1 -0.3 -0.7 -1.3 -3.2 -5.2 -5.1 -3.6 -11.2 3.3 
Notes: All PE values are presented as mean % ± SD %. CoVs are presented as percentages. N represents the number of participants in 















Table 9: Bias: Percent error (PE) of the wearable technologies by speed for children (6-12 years) 




















































## ± ## 
CoV -0.1 -0.2 -0.3 -0.4 -0.5 -0.5 -0.4 -0.3 -0.1 # 


















## ± ## 
CoV -0.1 -0.1 -0.2 -0.5 -0.9 -1.8 -1.6 -1.4 -2.8 # 


















## ± ## 
CoV -0.5 -1.4 -6.0 -26.7 -5.7 -7.8 -4.0 -1.7 -1.7 # 


















## ± ## 





















## ± ## 
CoV -1.2 -9.3 -8.3 -18.7 -6.7 -18.0 -2.1 -1.1 -0.4 # 


















## ± ## 
CoV 0.0 -0.1 -0.2 -0.4 -0.6 -0.7 -0.7 -0.7 -0.4 # 


















## ± ## 
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CoV -0.2 -0.5 -0.8 -1.5 -2.6 -3.7 -7.4 -6.0 1.9 # 


















## ± ## 
CoV -0.1 -0.3 -0.5 -0.9 -1.9 -5.1 -6.2 -10.7 -4.3 # 
Notes: All PE values are presented as mean % ± SD %. CoVs are presented as percentages. N represents the number of participants in 












Table 10: Percent error (PE) of the wearable technologies by speed for adolescents (13-17 years) 






















































CoV -0.08 -0.26 -0.42 -0.67 -0.69 -0.67 -0.50 -0.40 -0.22 -0.28 




















CoV -0.01 -0.09 -0.26 -0.62 -1.68 -2.66 -2.52 -1.96 -3.93 -2.92 




















CoV -0.56 -2.57 -4.37 -4.32 -3.83 -3.81 -5.35 -3.11 -2.21 -2.83 











































CoV -1.24 2.44 8.50 -67.60 -54.47 12.01 3.03 -3.18 -0.78 -0.46 




















CoV -0.01 -0.06 -0.25 -0.44 -0.57 -0.68 -0.75 -0.72 -0.75 -0.86 




















CoV -0.08 -0.36 -0.74 -1.02 -2.16 -15.07 2.91 6.99 8.81 1.05 
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CoV -0.03 -0.22 -0.76 -1.51 -3.00 -3.56 -3.58 -3.38 4.91 1.49 
Notes: All PE values are presented as mean % ± SD %. CoVs are presented as percentages. N represents the number of participants in 













Table 11: Percent error (PE) of the wearable technologies by speed for young adults (18-20 years) 
 




























































































































































































































CoV -0.1 -0.2 -1.1 -1.6 -2.7 -4.1 -2.6 -2.6 -3.5 3.1 
Notes: All PE values are presented as mean % ± SD %. CoVs are presented as percentages. N represents the number of participants in 


















Table 12: Validity parameters (accuracy, precision, and bias) by wear location averaged across all wearable technologies 
Ankle (StepWatch) 































































































































































Waist (ActiGraph, Actical, SW200, NL-1000) 
















































































Wrist/Arm (ActiGraph, SenseWear) 














































































Notes: All MAPE and PE values are presented as mean % ± SD %. CoVs are presented as percentages. All correlation coefficients are 
presented as r values to two decimal places with 95% CIs ranging above and below the point value. 95% CIs will also be reported to 




Table 13: Summary validity parameters (accuracy, precision, and bias) by age averaged across all wearable technologies 
Children (6-12 years) 
 





















































## ± ## 




















## ± ## 
Adolescents (13-17 years) 














































































Young Adults (18-20 years) 
















































































Notes: All MAPE and PE values are presented as mean % ± SD %. CoVs are presented as percentages. All correlation coefficients are  
presented as r values to two decimal places with 95% CIs ranging above and below the point value. 95% CIs will also be reported to 














Figure 1: MAPE of wearable technologies across walking speeds 
 
Notes: MAPE values of each technology across the individual walking speeds. Each line 
is representative of grouped average for a single technology. Decreases in MAPE indicate 
improved accuracy. 
 
Figure 2: SD of MAPE of wearable technologies across walking speeds 
 
Notes: SD of respective MAPE values for each technology across the individual walking 
speeds. Each line is representative of grouped average for a single technology. Decrease 






























































Figure 3: MAPE of wearable technologies across walking speeds for children (6-12 
years) 
 
Notes: MAPE values of each technology across the individual walking speeds. Each line 
is representative of grouped average for a single technology. Speed (m·min-1) is on the X-
axis and MAPE (%) is on the Y-axis. Decreases in MAPE indicate improved accuracy. 
 
Figure 4: SD of MAPE of wearable technologies across walking speeds for children 
(6-12 years) 
 
Notes: SD of respective MAPE values for each technology across the individual walking 
speeds. Each line is representative of grouped average for a single technology. Decrease 





























































Figure 5: MAPE of wearable technologies across walking speeds for adolescents (13-
17 years) 
 
Notes: MAPE values of each technology across the individual walking speeds. Each line 
is representative of grouped average for a single technology. Decreases in MAPE indicate 
improved accuracy. 
 
Figure 6:  SD of MAPE of wearable technologies across walking speeds for 
adolescents (13-17 years) 
 
Notes: SD of respective MAPE values for each technology across the individual walking 
speeds. Each line is representative of grouped average for a single technology. Decrease 





























































Figure 7:  MAPE of wearable technologies across walking speeds for young adults 
(18-20 years) 
 
Notes: MAPE values of each technology across the individual walking speeds. Each line 
is representative of grouped average for a single technology. Decreases in MAPE indicate 
improved accuracy. 
 
Figure 8:  SD of MAPE of wearable technologies across walking speeds for young 
adults (18-20 years) 
 
Notes: SD of respective MAPE values for each technology across the individual walking 
speeds. Each line is representative of grouped average for a single technology. Decrease 






























































Figure 9: Correlations of each wearable technology across all walking bouts 
 
Notes: The X-Y scatterplot is representative of how tightly the wearable technology step 
counts hold to a linear relationship to directly observed steps across all walking bouts. X-
axis is directly observed steps, and Y axis is wearable technology steps. Correlation 
coefficients closer to 1.0 indicate tighter relationship (more precise) to directly observed 
steps. Actical= 0.89, ActiGraph Waist= 0.86, ActiGraph Wrist= 0.67, ActivPAL= 0.86, 










Figure 10: PE of wearable technologies across walking speeds 
 
Notes: PE values of each technology across the individual walking speeds. Each line is 
representative of grouped average for a single technology. PE values closer of 0% 
indicate improved bias. 
 
Figure 11:  SD of PE of wearable technologies across walking speeds 
 
Notes: SD of respective PE values for each technology across the individual walking 
speeds. Each line is representative of grouped average for a single technology. Decrease 























































Figure 12: PE of wearable technologies across walking speeds for children (6-12 
years) 
 
Notes: PE values of each technology across the individual walking speeds. Each line is 
representative of grouped average for a single technology. PE values closer of 0% 
indicate improved bias. 
 
Figure 13: SD of PE of wearable technologies across walking speeds for children (6-
12 years) 
 
Notes: SD of respective PE values for each technology across the individual walking 
speeds. Each line is representative of grouped average for a single technology. Decrease 





















































Figure 14: PE of wearable technologies across walking speeds for adolescents (13-17 
years) 
 
Notes: PE values of each technology across the individual walking speeds. Each line is 
representative of grouped average for a single technology. PE values closer of 0% 
indicate improved bias. 
 
Figure 15: SD of PE of wearable technologies across walking speeds for adolescents 
(13-17 years) 
 
Notes: SD of respective PE values for each technology across the individual walking 
speeds. Each line is representative of grouped average for a single technology. Decrease 





















































Figure 16: PE of wearable technologies across walking speeds for young adults (18-
20 years) 
 
Notes: PE values of each technology across the individual walking speeds. Each line is 
representative of grouped average for a single technology. PE values closer of 0% 
indicate improved bias. 
 
Figure 17: SD of PE of wearable technologies across walking speeds for young 
adults (18-20 years) 
 
Notes: SD of respective PE values for each technology across the individual walking 
speeds. Each line is representative of grouped average for a single technology. Decrease 

















































Figure 18: The effect of speed on the accuracy of wearable technology’s step 
counting ability 
 
Notes: MAPE (%) and corresponding 95% CIs respective to each technology are plotted 
across speeds. Each point represents grouped averages of MAPE values, with 95% CIs 
extending above and below that point estimate. 95% CIs that do not overlap indicate 
significant differences, while those that do overlap indicate no significant differences. 
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Figure 19: The effect of speed on precision of wearable technologies step counting 
ability 
 
Notes: Correlation coefficients and corresponding 95% CIs for slow normal and fast 
walking. Correlation coefficients across each technology were averaged across each 
speed range. X axis refers to the speed group and Y axis is the correlation coefficient. 
Correlation coefficients closer to 1.0 indicate increased precision. 95% CIs overlap across 









Figure 20: The effect of speed on the bias of wearable technology’s step counting 
ability 
 
Notes: PE (%) and corresponding 95% CIs respective to each technology are plotted 
across speeds. Each point represents grouped averages of PE values, with 95% CIs 
extending above and below that point estimate. 95% CIs that do not overlap indicate 
significant differences, while those that do overlap indicate no significant differences. 
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Figure 21: The effect of wear location on the overall accuracy of wearable 
technology’s step counting abilities 
 
Notes: MAPE and corresponding 95% CIs of each wear location are presented at slow, 
normal, and fast walking speeds. MAPE values are averaged across technologies 
respective to each wear location for slow, normal, and fast walking speeds. The X axis 
refers to the speed group, and Y axis refers to MAPE values. MAPE values closer to 0% 
indicate greater accuracy. Wear location has a significant effect (p>0.0001) on 
technology accuracy. Further where 95% CIs do not overlap, there are significant 





Figure 22: The effect of wear location on the overall precision of wearable 
technology’s step counting ability 
 
Notes: Correlation coefficients and corresponding 95% CIs of each wear location are 
presented. Correlation coefficients are averaged across technologies respective to each 
wear location for all walking bouts. The X axis refers to the wear location, and Y axis 
refers to correlation coefficients. Correlation coefficients closer to 1.0 indicate greater 
precision. Wear location does not have a significant effect (p=0.06) on technology 
precision. Further where 95% CIs do not overlap, there are significant differences 
between locations. The only significant difference occurred between waist, and arm/wrist 





Figure 23: The effect of wear location on the overall bias of wearable technology’s 
step counting abilities. 
 
Notes: PE and corresponding 95% CIs of each wear location are presented at slow, 
normal, and fast walking speeds. PE values are averaged across technologies respective 
to each wear location for slow, normal, and fast walking speeds. The X axis refers to the 
speed group, and Y axis refers to PE values. PE values closer to 0% indicate improved 
bias. Wear location has a significant effect (p>0.0001) on technology bias. Further where 






Figure 24: The effect of age on the accuracy of wearable technology’s step counting 
ability 
 
Notes: MAPE and corresponding 95% CIs of each age group are presented at slow, 
normal, and fast walking speeds. MAPE values are averaged across technologies 
respective to each age group for slow, normal, and fast walking speeds. The X axis refers 
to the speed group, and Y axis refers to MAPE values. MAPE values closer to 0% 
indicate greater accuracy. Age group did not have a significant effect (p=0.49, 0.50, 0.21) 
on technology accuracy at slow, normal or fast walking, respectively. Further where 95% 







Figure 25: The effect of age on overall precision of wearable technology’s step 
counting ability 
 
Notes: Correlation coefficients and corresponding 95% CIs of each age group are 
presented. Correlation coefficients are averaged across technologies respective to each 
age group for all walking bouts. The X axis refers to the age group, and Y axis refers to 
correlation coefficients. Correlation coefficients closer to 1.0 indicate greater precision. 
Wear location does not have a significant effect (p=0.84) on technology precision. 









Figure 26: The effect of age on the bias of wearable technology’s step counting 
ability  
 
Notes: PE and corresponding 95% CIs of each age group are presented at slow, normal, 
and fast walking speeds. PE values are averaged across technologies respective to each 
age group for slow, normal, and fast walking speeds. The X axis refers to the speed 
group, and Y axis refers to PE values. PE values closer to 0% indicate improved bias. 
Age group did not have a significant effect (p=0.62, 0.58, 0.23) on technology bias at 
slow, normal or fast walking, respectively. Further where 95% CIs do not overlap, there 
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